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Abstract 

Forest fires are major ecological disturbances with both natural and human causes. 
Ecologists acknowledge wildfires as an important evolutionary force shaping landscapes, 
ecosystems, and biogeochemical processes, as well as for the ecosystem services they provide, 
such as creating open spaces, enhancing biodiversity, and pest control. However, they are mostly 
considered undesirable by the general public because of their potential harm, including loss of 
life and property, destruction of forest resources, and massive release of aerosols and CO2 into 
the atmosphere. Climate, humans, and fire form complex interactions that are still poorly 
understood by science, often resulting in inefficient fire management practices. A fair part of the 
problem could be attributed to the chronic lack of primary data needed to sustain analyses. Given 
the uncertainty in future climatic and socio-economic conditions, predicting how fire regimes 
could potentially shift from past and current patterns is a difficult task that requires the best 
available expertise from a wide range of stakeholders. Without long-term, continuous, spatially- 
and temporally-consistent data, there is no foundation for the knowledge building process. As 
such, improving data availability is a vital component of informed and effective fire management 
policies.  

The absence or scarcity of data is in particular a problem for less developed regions or in 
remote areas with limited accessibility, such as isolated mountain environments. Remote sensing 
technology represents a cost-effective and very powerful solution to reconstruct recent land-
surface dynamics. By analyzing time-series of satellite images, it is possible to detect burned 
areas at different scales in a spatially and temporally consistent manner, and fill in information 
gaps in these data-poor, remote regions. Although several routines to automatically extract 
burned areas from satellite images have been developed in the past decades, their application in 
mountainous environments featuring high habitat heterogeneity (complex landscapes) is limited 
due to numerous technical and methodological difficulties. 

The present doctoral thesis aims at providing basic but spatially-explicit information on 
historical forest fires in northwest Yunnan, China, an important biodiversity hotspot and 
representative region characterized by complex landscapes. To broaden the thesis's context, we 
proposed a fire risk/vulnerability framework that in future work will be fed with the fire data 
created here. 

As a first step, the performance of existing global fire products in mapping burned areas 
in our study region was evaluated. We showed that the widely adopted datasets developed using 
the MODIS sensor and a first prototype built on MERIS imagery present very high omission and 
commission error rates, significantly limiting their usability in this kind of landscape. The results 
suggest that the contribution of small fires in global fire emission assessments such as GFED4 
is probably underestimated and that end-users working in difficult environments require other 
solutions. 
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The best available option to detect small fires lies in the longest and most consistent Earth 
Observation mission, namely the Landsat suite. Our second study presents an in-depth analysis 
of the burned areas' spectral signal's permanence in several vegetation indices. Burn is a 
temporary ecological condition that tends to recover relatively quickly according to vegetation 
type and other factors. The spectral separability of burn scars vs. unburned control samples was 
evident immediately after fire in all four main vegetation groups of northwest Yunnan but 
decreased drastically after one growing season due to abundant rains. Grassland and shrub 
patches recovered even more quickly. The Normalized Burn Ratio and the Normalized 
Difference Moisture Index were identified as the most suitable spectral indices for long-term 
burned area mapping, while the Tasseled Cap Brightness and Wetness offered additional 
discrimination potential. 

We then proceeded with the development of a burned area extraction routine tailored to 
regions characterized by complex landscapes. We first identified the particular remote sensing 
challenges encountered in these landscapes, and then we proposed solutions for some of them, 
while for others, we opted for compromise adaptations. Six major difficulties were identified: 
small fires, rugged terrain casting shadows, long cloud coverage periods, patchy landscapes, fast 
vegetation recovery, and absence of burned samples to train, test and tune classification models. 
The selected solutions were integrated into an automated processing routine based on yearly 
images from the Landsat TM and OLI sensors, which flows through five phases: creation of 
standardized difference vegetation indices time-series; automatic extraction of multi-class 
training areas using adaptive z-score thresholds; Random Forests classification; Seeded Region 
Growing, and spatiotemporal clustering to form coherent burn multi-polygons. A final product 
of fire events spanning the period 1987-2018 was created and tested for both detection and 
mapping accuracy. The results are satisfactory, with both omission and commission in the order 
of 20%, representing a great improvement from the global products assessed previously. This 
newly created fire database can now be used to derive parameters describing the recent fire 
regime of northwest Yunnan. 

This work represents a step forward toward the inclusion of remote mountainous regions 
hosting delicate ecosystems in the global assessment of fire impacts. Researchers working in 
areas with similar difficulties can implement some of the approaches developed in this thesis and 
finally fill those data gaps that prevent their research advancement. 
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Resumé 

Les incendies de forêt sont des perturbations écologiques majeures qui ont des causes à la 
fois naturelles et humaines. Les chercheurs en écologie reconnaissent les feux de forêt comme 
une force évolutive importante qui façonne les paysages, les écosystèmes et les processus 
biogéochimiques, ainsi que pour les services écosystémiques qu'ils fournissent, tels que la 
création d'espaces ouverts, la promotion de la biodiversité et la lutte antiparasitaire. Cependant, 
ils sont généralement considérés comme indésirables par le grand public en raison de leurs 
impacts négatifs potentiels, notamment la perte de vies humaines et de biens, la destruction des 
ressources forestières et le rejet massif d'aérosols et de CO2 dans l'atmosphère. Le climat, les 
humains et le feu forment des interactions complexes qui sont encore mal comprises par la 
science, ce qui entraîne souvent des pratiques de gestion des incendies inefficaces. Une bonne 
partie du problème pourrait être attribuée au manque chronique de données de base nécessaires 
pour soutenir les analyses. Compte tenu des incertitudes sur les conditions climatiques et socio-
économiques futures, prédire la déviation potentielle de l’état historique et actuel des régimes de 
feu est une tâche difficile qui nécessite l’union d’expertise d’un vaste éventail de partenaires. 
Sans données de longue date et continues, cohérentes dans l'espace et dans le temps, il n'y a pas 
de base pour le processus de renforcement des connaissances. C’est pourquoi, l'amélioration de 
la disponibilité des données est un élément essentiel pour de politiques de gestion des incendies 
efficaces. 

L'absence ou la rareté des données est un problème majeur des régions moins développées 
ou très reculées avec accessibilité limitée, comme les milieux montagneux isolés. Les 
technologies de télédétection présentent des solutions avantageuses et très puissantes pour 
reconstruire les dynamiques récentes de la surface terrestre. Par l’analyse des séries temporelles 
d'images satellites, il est possible de détecter les surfaces brûlées à différentes échelles et de 
manière cohérente dans l'espace et le temps, en comblant ainsi les lacunes d'information dans 
ces régions éloignées et limitées en données. Bien que plusieurs routines d'extraction 
automatique des zones brûlées à partir d'images satellites aient été développées au cours des 
dernières décennies, leur application dans des milieux de montagne caractérisés par une grande 
hétérogénéité des habitats (paysages complexes) est limitée en raison de nombreuses obstacles 
techniques et méthodologiques. 

Cette thèse de doctorat vise à produire des données de base et spatialement explicites sur 
l’histoire récente des incendies de forêt dans le nord-ouest du Yunnan, en Chine, qui est un haut 
lieu important pour la biodiversité et une région représentative des paysages complexes. Afin 
d’élargir l’horizon contextuel de la thèse, nous avons présenté un cadre d’évaluation des 
risques/vulnérabilités au feu qui, dans nos recherches futures, sera alimenté par les données 
créées ici. 

D’abord, nous avons passé en revue des bases de données globales sur les feux existantes 
et évalué leurs habilités à cartographier les aires brûlées dans notre région d'étude. Nous avons 
trouvé que les jeux de données développés avec les capteurs MODIS qui sont largement adoptés 
par les chercheurs, ainsi que le premier prototype construit à partir d'imagerie MERIS présentent 
des marges d’erreur d'omission et de commission très élevés, limitant considérablement leur 
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utilisabilité dans ce type de paysages. Ces résultats suggèrent que la contribution des incendies 
de petite taille dans les évaluations mondiales des émissions d'incendies telles que GFED4 est 
probablement sous-estimée et que les utilisateurs travaillant dans des paysages complexes 
nécessitent doivent se tourner vers d’autres solutions. 

La meilleure option disponible pour détecter les feux de forêt de petite taille réside dans la 
mission d'observation de la Terre la plus longue et cohérente dans le temps, à savoir la suite de 
produits Landsat. Notre deuxième étude présente une analyse approfondie de la permanence du 
signal spectral des surfaces brûlées dans plusieurs indices de végétation. L’état brûlé est une 
condition écologique temporaire qui a tendance à se rétablir assez rapidement selon le type de 
végétation et d'autres facteurs. La séparabilité spectrale entre des aires-échantillons brûlées vs 
non-brûlées était évidente immédiatement après l'incendie dans les quatre principaux groupes de 
végétation du nord-ouest du Yunnan, mais diminuait considérablement après une saison de 
croissance en raison des pluies abondantes. Les zones de prairies et d'arbustes se sont rétablies 
encore plus rapidement. Le Normalized Burn Ratio et le Normalized Difference Moisture Index 
sont identifiés comme les indices spectraux les plus appropriés pour la cartographie des zones 
brûlées sur le long terme, tandis que le Tasseled Cap Brightness et Wetness offrent un potentiel 
de discrimination supplémentaire. 

Nous avons ensuite procédé au développement d'une routine d'extraction de zones brûlées 
adaptée aux régions caractérisées par des paysages complexes. Nous avons d'abord identifié les 
difficultés de télédétection particulières de ces paysages et proposé des solutions ou des modes 
d’adaptations. Six difficultés majeures ont été identifiées: taille des incendies réduite, relief 
prononcé projetant des ombres, longues périodes de couverture nuageuse, paysages hétérogènes, 
rétablissement rapide de la végétation et absence d’échantillons pour entraîner, tester et 
paramétriser les modèles de classification. Les solutions sélectionnées ont été intégrées dans une 
routine automatisée basée sur des images Landsat TM et OLI annuelles, composé par cinq phases: 
création et standardisation de séries temporelles d'indices spectraux différenciés; extraction 
automatique de zones d'entraînement multi-classes à l'aide de seuils de z-score adaptés; 
classification par forêts d'arbres décisionnels (Random Forest); segmentation par fusion de 
régions (Seeded Region Growing) et agrégation spatio-temporelle des pixels pour former des 
multi-polygones cohérents. Un produit final des événements-incendies couvrant la période 1987-
2018 a été créé et sa précision de détection et de cartographie a été testée. Les résultats sont 
satisfaisants, avec des marges d’erreur d’omission et de commissions de l'ordre de 20%, ce qui 
représente une amélioration importante par rapport aux produits globaux évalués précédemment. 
Cette base de données de feux peut maintenant être utilisée pour dériver des paramètres décrivant 
le régime d'incendies récent dans le nord-ouest du Yunnan. 

Ce travail représente un avancement vers l'inclusion des régions montagneuses reculées 
abritant des écosystèmes délicats dans l'évaluation globale des impacts des incendies. Les 
chercheurs travaillant dans des domaines présentant des limitations similaires peuvent mettre en 
œuvre certaines des approches développées dans cette thèse et pourront enfin combler les lacunes 
de données empêchant la progression de leurs recherches. 
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1. Introduction 

1.1. Fire in the Earth System 

Since its first appearance soon after plants colonized the bare earth, fire has been an 
important natural process and evolutionary force, playing a key role in shaping the spatial 
distribution of ecosystems and their composition (Pyne et al. 1996; Bowman et al. 2009; Pausas 
and Keeley 2009). Without fire, our planet's vegetation cover would be very different from its 
current condition, with almost double the forest cover but less diverse ecosystems (Bond et al. 
2005). Instead, similarly to giant herbivores, wildfires contributed to the maintenance of several 
fire-adapted and fire-dependent ecosystems such as open-canopy woodlands, grasslands, and 
savannas (Bond and Keeley 2005; Staver et al. 2011). Several frontline researchers in fire 
ecology propose a holistic interpretation of the global role of wildfires. They suggest that plant 
biomass, terrestrial carbon and nutrient cycling, as well as vegetation structure, are regulated by 
three major recycling pathways interacting and competing at different spatial scales: microbial 
decomposition, vertebrate herbivory, and wildfires (Pausas and Bond 2020). Wildfires can also 
be understood and acknowledged for providing various benefits to humans and human societies, 
being themselves fire-dependent organisms living in a flammable world (Pausas and Keeley 
2019). This interpretation goes beyond direct fitness advantages of the domesticated use of fire 
such as cooking, heating, light source, promotion of social interactions, and protection from 
predators, for which we have evidence since early hominids (James 1989; Gowlett 2016); or its 
extensive use as a land management tool adopted from the Paleolithic age for clearing land for 
human habitat, killing vermin, hunting, etc. Instead, it englobes the overarching contributions of 
wildfires, meant as vegetation fires ignited by natural sources, to the proper functioning of 
ecosystems, in a similar manner than other ecosystem services (Bird et al. 2008; Pausas and 
Keeley 2009). For example, they support and stimulate biodiversity, which is itself an important 
ecosystem service (Costanza et al. 1997; Daily et al. 1997; Mace et al. 2012). When vegetation 
patches are affected by burn at different degrees of severity, the result is increased habitat 
heterogeneity offering colonizing opportunities for a wide range of species (Smith 2000; 
Ketcham and Koprowski 2013). The creation of open habitats is favorable to shade-intolerant 
plants and animals, in particular a diversity of flowers and pollinators (Brown et al. 2017; 
Carbone et al. 2019). However, fire activity is not distributed equally at the global scale, and 
different ecosystems show diverging relationships with fire. Some of them have evolved with 
fire, thus becoming dependent on its recurrence, while others show varying degrees of adaptation, 
from moderate resistance to substantial sensitivity or intolerance where wildfires are extremely 
rare. It is believed that fire-dependent traits such as the serotinous cones and thick bark of pines 
represent an adaptive strategy of plants to cope with recurrent fires and other factors in fire-prone 
environments (Lamont et al. 1991; Schwilk and Ackerly 2001; Gómez-González et al. 2011; 
Keeley, Pausas, et al. 2011; He et al. 2012). In the animal kingdom (but not limited to), responses 
to fire and smoke may be mostly behavioral, including the use of refugia, exogenous 
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recolonization, escaping, and other forms of avoidance (Brown and Smith 2000; Smith 2000; 
Robinson et al. 2016; Pausas and Parr 2018; Pausas 2019). The ability for wildlife to survive 
fires depends on food availability, cover from predators, mobility, behavior, and structural 
diversity (Smith 2000; Ketcham and Koprowski 2013). Species lacking any response strategy to 
fire, such as many late successional tree species, are likely to disappear and are in general not 
found in fire-prone ecosystems. 

Ecologists refer to the concept of fire regime to describe all the aspects related to the long-
term patterns of fire occurrence in different regions. Despite slight variations among authors, 
components such as spatiotemporal characteristics (frequency, size, seasonality, return interval, 
etc.), vegetation type, climatic and topographic characteristics, ignition sources, and ecosystem 
effects are in general included in its definition (Pyne et al. 1996; Morgan et al. 2001; Westerling 
et al. 2006; Chuvieco, Giglio, et al. 2008; Bowman et al. 2009; Krawchuk et al. 2009; Krebs et 
al. 2010). The global distribution of fire regimes is mostly explained by the interactions of some 
of these components, identified as main controls of fire: vegetative resources to burn, also 
referred to as fuel, environmental conditions that promote combustion such as climate/weather 
and in part topography, and ignitions that originate from natural sources like lightning, volcano 
eruptions, and even spontaneous combustions, or human-caused, voluntarily or involuntarily. 
Understanding these interactions and the relative influence of each factor is a research topic of 
growing interest, especially toward assessing how they have changed through time. A fair 
amount of supporting evidence points to anthropogenic activities as primary drivers of what are 
called 'shifts' of fire regimes, referring to a deviation from their historical pattern (Krawchuk et 
al. 2009; Pechony and Shindell 2010; Bowman et al. 2011; Hantson et al. 2015; Prichard et al. 
2017). From the moment humans learned how to control fire, they have used it to conquer new 
spaces and adapt them to suit their needs, affecting landscapes and atmospheric composition 
beyond their natural variability, which was once mainly dictated by multi-scale climatic factors 
(Pausas and Keeley 2009; Gowlett 2016; Vannière et al. 2016; Blarquez et al. 2018; Dietze et 
al. 2019). These alterations became more pronounced with population growth, expansion of 
agricultural land, livestock grazing, and the beginning of industrialization. However, recent 
studies show that, with industrialization, fire frequency declined at the global scale, with faster 
rates after 1950, while population size and density increased (Knorr et al. 2016; Andela et al. 
2017; Forkel et al. 2017; Hamilton et al. 2018). Effective fire suppression operations attempting 
to safeguard forest resources and protect people and their property were recognized as the main 
drivers of this trend. Suppressing fire represents a significant change of perspective of the 
relationships between fire and humankind driven by a reduced dependence on fire for livelihood 
and land management, owing to technological progress such as industrial combustion (Pechony 
and Shindell 2010; Pyne 2016). In a world where resources are limited, wildland fires became 
unwelcome threats that needed to be minimized. Nowadays, big, intense fires can have 
catastrophic consequences for both human societies and nature. Fires destroy economically 
valuable forest resources and create fragmentation, reducing vital habitats for wildlife. They 
decrease carbon sinks' capacity and release massive amounts of aerosols and CO2 into the 
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atmosphere, posing a significant hazard to human health. Moreover, they represent a threat to 
human life and infrastructure, especially in the wildland-urban interface, i.e., the zone of 
transition between unoccupied land and human development (Pyne et al. 1996; Streets et al. 
2003; Bowman et al. 2009; Turetsky et al. 2015). 

The complex interactions between climate, landscapes, humans, and fire are still poorly 
understood by science, often resulting in ineffective and inefficient fire management strategies. 
Human activities have altered historical fire regimes through their land use practices, starting 
fires in all sorts of biomes and in any season, including those with very low fire frequency, often 
turning fire-sensitive habitats into more fire-prone ones. On the other hand, decades of fire 
suppression have modified the structure of forests, preventing the natural fuel reduction service 
provided by more frequent, low-intensity fires, and resulting in an increase of devastating high-
intensity fires (Keeley 2006; Wang et al. 2007; Pechony and Shindell 2010; Bowman et al. 2011, 
2020; Adams 2013; Pausas and Keeley 2019). Understanding fire regime dynamics is becoming 
even more critical with climate and socio-economic change. According to climate change 
scenarios, the risk of fire will probably increase (IPCC 2014a), but this is not necessarily true in 
every location on the globe. Multivariate models that include anthropogenic factors predict 
substantial differences between regions owing to different responses to climate factors. Some 
places would experience an increase in fire activity while other areas would face a decrease in 
fire activity, therefore suggesting high alterations of the global geographic distribution of fire 
that could have substantial effects on ecosystems (Krawchuk et al. 2009; Pechony and Shindell 
2010; Liu et al. 2012; Doerr and Santín 2016; Keeley and Syphard 2016; Li, Hughes, et al. 2017; 
Syphard et al. 2017; Young et al. 2017). According to recent projections based on Shared 
Socioeconomic Pathways scenarios, the risk and frequency of fires will increase in those areas 
already more exposed, such as in wildland-urban interface areas (Knorr et al. 2016). 

The most pressing challenge for human societies is to learn to coexist with fire in a 
sustainable way (Moritz et al. 2014; Schoennagel et al. 2017). Fire management frameworks, in 
which the ecological role of fire is acknowledged and embedded with both nature conservation 
and the protection of human life and property, are needed. 

1.2. Fire in mountains' complex landscapes 

Complex landscapes are those characterized by high environmental heterogeneity, 
including rugged topography, patchy landscapes, and diverse climatic conditions. Mountainous 
environments are a representative example of complex landscapes with prominent elevational 
gradient, steep slopes, and limited accessibility. Mountains cover about 25% of the global land 
area1 and provide several ecosystem services to human societies, the most essential one being 
the storing, purification, and provision of freshwater from which half of humanity depends on 

 
1 According to the broader definition by Kapos et al. (2000), which includes high plateaus, intermontane valleys, 
and hilly forelands. 
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every day (MA 2005; Grêt-Regamey et al. 2012). Mountain forested areas prevent soil erosion 
on slopes and act as a physical barrier against natural hazards such as avalanches, landslides, and 
rockfalls. Mountain ecosystems provide goods to local populations, such as crops, timber, 
fuelwood, medicinal plants, and animal products, as well as monetary benefits through local and 
nearby lowland markets (Martín-López et al. 2019). Topographic and landscape variability 
results in strong habitat differentiation with multiple, delicate and unique ecosystems supporting 
rich biodiversity and endemism (Shen 2017). From an ecological perspective, remoteness and 
isolation acted in favor of a higher rate of speciation and natural intactness, owing to unsuitability 
for large-scale human settlement and development. 

However, mountains are among the most vulnerable regions in the world, particularly 
sensitive to climatic and anthropogenic influences (Beniston et al. 1997; Beniston 2003; Huber 
et al. 2005; Payne et al. 2017; Palazzi et al. 2019). Dramatic changes have occurred in the past 
few decades in several mountain ecosystems, affecting their provision of services to local and 
lowland peoples, as well as tourists (Beniston 2003; Palomo 2017). Melting glaciers and reduced 
snowpack are modifying water cycles and seriously compromising future freshwater supply 
(Baker and Moseley 2007; Bahuguna et al. 2014; Sommer et al. 2020). A combination of biotic 
and abiotic factors acting at different spatial scales are driving changes in vegetation patterns, 
which can be observed as a general upward shift of the vegetation belt and the tree line (Tasser 
et al. 2017). Landcover and land use changes are happening at an accelerating rate. On the one 
hand, several secluded mountainous regions are experiencing land abandonment and emigration 
towards more convenient locations. Natural reforestation often occurs in these areas with both 
positive and negative effects, in particular on biodiversity and fire prevention. On the other hand, 
an intensification of land use is observed in more profitable regions such as valley bottoms, 
where overexploitation of natural resources is associated with loss of semi-natural elements, soil 
and water pollution, and further pressure on biodiversity (Zimmermann et al. 2010; Haddaway 
et al. 2014; Schirpke et al. 2017). 

In a dedicated chapter of Agenda 21 (UN 1992), mountains and uplands were 
acknowledged for the first time at a higher political level as a major component of the global 
environment, and concerns about the ongoing socio-economic and environmental decline were 
expressed. Moreover, mountains were explicitly mentioned in the Convention on Biological 
Diversity (https://www.cbd.int/mountain/). With the declaration of 2002 as the International 
Year of Mountains (UN 1998), emphasis was put on the specific challenges of sustainable 
development in mountain areas. It was recognized that, out of general guidelines or top-down 
centralized policies that failed to consider the specific challenges of mountain development, very 
little was done to conserve natural resources and empower local people to manage their living 
environment. Further discussions were held at the Rio+20 conference, and warnings about the 
vulnerability of fragile mountain ecosystems and marginalized local communities to the adverse 
impacts of climate change, forest degradation, land use change, and natural disasters were 
explicitly expressed in the outcome document 'The Future We Want' (UN 2012). Specific targets 
and indicators for mountains were set with the Aichi Biodiversity Targets and more recently with 
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the Sustainable Development Goals (SDGs, Agenda 2030, https://sdgs.un.org/goals). The 
Mountain Research Initiative (https://www.mountainresearchinitiative.org/) considers the SDGs 
as a suitable framework for assessing sustainable development in mountains because, although 
only a few targets and indicators refer to these regions directly, several other are pertinent and 
can be easily scaled down to local realities (Bracher et al. 2018). However, these milestones of 
international cooperation represent non-binding agreements between parties. There is still a 
pressing need for increased consideration of the challenges for sustainable development in 
mountainous regions, and more opportunities for interdisciplinary research on the changing 
mountain environment should be taken (Payne et al. 2017; UNEP and GRID-Arendal 2019). 

Forest fires in these types of landscapes are not extensively studied such as the more 
notorious bush fires of Australia (Pyne 1991; Bradstock et al. 2012), the boreal forest fires in 
northeast China, the U.S., Canada, and Russia (Stocks et al. 2001; Shu et al. 2003; De Groot et 
al. 2013; Guo et al. 2014), or the vast savanna fires in the Brazilian cerrado (Coutinho 1990; 
Miranda et al. 2009) and sub-Saharan Africa (Barbosa, Stroppiana, et al. 1999; Roberts and 
Wooster 2008). A distinction should also be made from tropical forest fires such as Amazonia 
(Morton et al. 2008), Southeast Asia and Borneo (Fuller and Murphy 2006; Sloan et al. 2017), 
as well as the Mediterranean-type fires of California (Sugihara et al. 2006) or southern Europe 
(Keeley, Bond, et al. 2011). These fires often make the news headlines because of their huge 
sizes and extended durations, the danger they represent to the population living nearby (wildland-
urban interface), or their massive ecological impacts. Instead, fires in mountainous regions are 
difficult to classify by a major feature such as the dominant vegetation type or a particular climate. 
Mountains are found at different latitudes, and the elevational gradient results in several life and 
climatic zones being compressed in relatively small areas. As a result, in the same region, we 
may find boreal-type forest fires at higher elevations, Mediterranean-style fires in pine forests, 
savanna-like fires in dry grasslands, and tropical forest fires at lower elevations. However, a 
representative feature could be put forward: in very heterogeneous landscapes, fires are in 
general small. Because of this peculiarity, the contribution of small fires to global assessments 
of fire impacts is often neglected or underestimated, like in the case of agricultural and peat fires 
(Van der Werf et al. 2010; Randerson et al. 2012). At the planetary scale, their share in terms of 
destruction of forest resources, global emissions, and influence on biogeochemical cycles is 
highly uncertain because of the lack of data preventing proper assessments. Instead, at the local 
and regional scales, these fires are very important. A small fire burning at high intensity bears 
the power to heavily affect those fragile ecosystems if their surface area is limited. Wildlife may 
suffer from excessive fragmentation and the resulting scarcity of foraging sources. Conversely, 
the abandonment of agricultural and pastoral land acts in favor of forest regrowth, decreasing 
the natural heterogeneity of mountain landscapes. This results in an increase in the size and the 
connectivity of flammable surfaces with related changes in fire size, severity, and intensity 
(Azevedo et al. 2011; López-Poma et al. 2014; Mantero et al. 2020). Moreover, synergies with 
other natural hazards are exacerbated in complex terrain. For example, trees killed by fire on 
steep slopes will no longer act as soil stabilizers, accelerating erosion and increasing the 
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magnitude of avalanches and landslides. With future climate scenarios tending towards warming 
and perturbations of seasonal patterns (IPCC 2014b), fire and other disturbance regimes will 
probably experience abnormal shifts, putting at stake the resilience of mountain ecosystems and 
populations. 

The consequences of climate change can often be first observed in mountainous 
environments, such as melting glaciers, droughts, and more frequent out-of-norm natural hazards, 
including landscape fires. Owing to their sensitivity to the variations of climate and human 
activities, mountains are early indicators of what could happen in lowland areas. Continuous and 
extensive monitoring of the changing mountain environment is essential to support the 
sustainable management of its delicate ecosystems and ensure a durable provision of their 
services. The drivers and the impacts of wildfires, as well as their potential evolution, should be 
understood in the particular context of mountain complex landscapes. Fire risk frameworks 
should integrate the specific vulnerabilities and resilience characteristics of mountain 
environments and be based on empirical knowledge. The present thesis proposes a general fire 
risk framework for data-poor mountainous regions and provides the most essential data needed 
for any further analysis: a detailed historical fire dataset. 



 

19 
 

  



 

20 
 

2. Problem statement 

2.1. Study region 

Northwest Yunnan (NWY) refers to a particular region situated in the Yunnan province of 
the People's Republic of China, between approximately latitude 24.5°N and 29.5°N, and 
longitude 98°E and 101.5°E. A clear definition of its geographical boundaries has never been 
appropriately stated because the term is mainly used by researchers focusing on this particular 
region (e.g., Xiao et al. 2003; Xu and Wilkes 2004; Sherman et al. 2007; Ren et al. 2009; Yang 
et al. 2014; Li et al. 2017). In broad terms, NWY comprises the territories of four prefectures 
(administrative units equivalent to counties in the U.S.A., provinces in Italy, or districts in 
Switzerland) of the Yunnan province, namely: Diqing, Nujiang, Lijiang, and Dali. This broader 
area covers a surface of about 86,700 square km, which represents more than two times the 
surface of Switzerland. According to a more restrictive definition, the southernmost counties 
belonging to the prefecture of Dali (Yongping, Yangbi, Weishan, Nanjian, Midu, and Xiangyun) 
and two counties in the eastern part of Lijiang (Yongsheng and Huaping) are not included in the 
region. This smaller area, which spans over about 67,000 square km, was also named the 'Yunnan 
Great Rivers Project (YGRP)' area following a long-term conservation collaboration started in 
1999 between the Yunnan provincial government and The Nature Conservancy 
(https://www.nature.org/), and it is mentioned as such in several scientific articles (e.g., Lassoie 
et al. 2006; Ma et al. 2007; Sherman et al. 2007). A map of the boundaries of northwest Yunnan 
is shown in Figure 2-1. NWY lies in a peculiar geological region in the southeasternmost edge 
of the East Himalayas, at the transition between the Qinghai-Tibet Plateau and the Yunnan-
Guizhou Plateau. It is a mountainous region that includes a section of the Hengduan mountains 
and other smaller complexes, characterized by very rugged terrain. The mountain peaks reach 
more than 6000 m a.s.l., and the deep valleys are as low as 700 m, carved by four major Asian 
rivers: the Dulongjiang (a tributary of the Irrawaddy), the Nujiang (upper Salween), the 
Lancangjiang (upper Mekong) and the Jinshajiang (upper Yangtze). In the northern part of NWY, 
these rivers flow from North to South in parallel and very close to each other (about 20 km 
distance in the narrowest point) and are separated by long mountain ranges. These exceptional 
bio-physical features interact with the seasonal East Asian monsoon, conferring the region a 
wide variety of climates, landscapes and natural habitats that, compressed within short distances, 
range from subtropical in the valley bottoms, rising through temperate, boreal, and arctic-alpine 
life zones to permanent snow on the highest summits (Ma et al. 2007). While temperatures are 
mild during most of the year, even on the vast plateaus situated at 2000 m, precipitation falls 
mostly between June and August following a longitudinal gradient. Higher annual precipitation 
amounts are found in the West, reaching 4000 mm in the Dulong valley, and decrease while 
moving to the East, with minima below 600 mm in the dry valleys of the Yangtze river (Wang 
et al. 2001; Ming and Shi 2007; Tang 2010). 
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Owing to the extraordinary topographic and environmental gradients, NWY hosts one of 
the world's most diverse habitats bearing rich biodiversity, a high endemism rate, and rare 
ecosystems. The region has been recognized as a global biodiversity hotspot and a conservation 
priority for plant and vertebrate biodiversity (Mackinnon and Carey 1996; Mittermeier et al. 
1998; Myers et al. 2000; CEPF 2002). One of the region's protected areas complex, the Three 
Parallel Rivers of Yunnan Protected Areas, is inscribed in the UNESCO World Heritage Sites 
list (http://whc.unesco.org/en/list/1083). Among the most famous flag-species, we can mention 
the NWY endemic Yunnan Snub-nosed Monkey (Rhinopithecus bieti) and the Sclater's Monal 
(Lophophorus sclateri), a pheasant endemic of the east Himalayan region. These mountains are 
home to the Asian Black Bear (Ursus thibetanus), the Red Panda (Ailurus fulgens), the 
Kaulback's Lance-headed Pit Viper (Protobothrops kaulbacki), the Gongshan Lazy Toad 
(Scutiger gongshanensis), and offer rest sites for several migratory birds including the Black-
necked Crane (Grus nigricollis). Yunnan province has the richest flora in China, harboring more 
than 19.000 species of higher plants, and more than 30% are found in northwest Yunnan (Yang 
et al. 2004; Pu et al. 2007; Sherman et al. 2008; Qian et al. 2020). Major vegetation types include 
alpine needleleaved forests dominated by Pinus, Picea, and Abies species; subtropical evergreen 
broadleaved forests composed of Lithocarpus, Castanopsis, and Quercus species; varied 
shrublands with succulent Euphorbia royleana and Opuntia monacantha as indicator species but 
also hosting young Pinus yunnanensis, Rhododendron, and Magnolia species. Moreover, the 
region hosts alpine meadows, grasslands, and arid savannas in dry valleys (Tang and Ohsawa 
2009; Tang 2015). A description of NWY and southwest China's geology, climate, and 
vegetation can be found in Tang (2015). 

The region is also known for its rich cultural heritage. More than 5,5 million people live 
in the four prefectures of NWY. In addition to the Han, the major ethnic group of China, about 
11 ethnic minorities, including Tibetan, Naxi, Bai, Lisu, Dulong, Pumi, etc. inhabit the region 
and interact with the environment in different ways, varying from shifting cultivation, intensive 
agriculture, fishing and hunting, gathering of forest products such as medicinal herbs and fungi, 
and transhuman livestock grazing (Moseley 2006). However, traditional practices of land 
management, once limited to local subsistence and relatively sustainable, are becoming 
problematic with increasing population and the transition to the market economy, representing a 
growing pressure on the environment and, in particular, on biodiversity (Xiao et al. 2003; Xu 
and Wilkes 2004; Buntaine et al. 2006; Pu et al. 2007). This is exacerbated when considering 
uncertain future bio-climatic changes and high resource-demanding socioeconomic development, 
which includes both the agricultural and industrial sectors as well as urban expansion and tourism 
(CEPF 2002; Willson 2006; Ma et al. 2013). 

Among traditional land management practices, fire has been used for millennia by local 
populations, especially by Tibetans in the northern part of NWY, to control vegetation growth 
in rangelands and farmlands, and it is still used nowadays despite strict regulations (Winkler 
2000; Su et al. 2015). In fact, following a fire conflagration of unprecedented size and impacts 
in the Great Xing'an mountains, northeast China, in May 1987, in part attributed to aggressive 
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fire exclusion policies, the central government implemented reforms aiming to improve fire 
management and prevention (Shu et al. 2003; Chang et al. 2007). In NWY, every year during 
the dry and windy season between November and May, several uncontrolled fires affect wildland 
areas (Zhao et al. 2009), making the region one of the provincial clusters of fire activity, as 
shown in Figure 2-2. About 99% of forest fires whose ignition sources have been identified are 
human-caused, mainly related to the use of fire in agriculture or household activities such as 
heating and cooking, accidental ignitions, burning incense in graveyards, etc. (an example in 
Figure 2-3). Forest fires are frequent but of relatively small size compared to other areas of China 
(Shu et al. 2003; Xu and Wilkes 2004; Lü et al. 2006; Zhao et al. 2009; Qin et al. 2010; Li, Song, 
et al. 2014; Li, Zhao, et al. 2014; Tian et al. 2014). Even if small, they may destroy critical 
patches of forest, create or exacerbate habitat fragmentation, and increase the risk of landslides 
from steep slopes when heavy rains come. Because of the complexity of topography and the 
heterogeneous landscapes, the region's natural habitats are already highly fragmented, and 
ecosystems are confined to small niches, making them highly vulnerable to disturbances (Xiao 
et al. 2003; Pu et al. 2007; Sherman et al. 2008). The long-term impacts of forest fires in these 
delicate ecosystems are largely unknown, and no rigorous, spatially-explicit assessment of 
historical fire activity in the region has been done yet. Little is known about historical fire 
regimes and their relationship with changing vegetation cover, climatic conditions, socio-
economic factors, etc. Without this baseline knowledge, it is not possible to attempt an informed 
assessment of potential future trends of fire occurrence. Historical and georeferenced fire 
datasets are the essential variable required if we want to assist land managers in planning the 
most sustainable fire management practices that can safeguard local ecosystem services without 
compromising ecosystem resilience (Bowman et al. 2011; Su et al. 2015; Santín and Doerr 2016). 
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Figure 2-1. Above: maps of Yunnan administrative areas (prefectures and counties). Below: landcover and 
elevation maps. Data sources: landcover from ESA CCI (https://climate.esa.int/en/projects/land-cover/), elevation 
from ALOS World 3D – 30m (https://www.eorc.jaxa.jp/ALOS/en/aw3d30/index.htm).  
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Figure 2-2. Cumulative distribution of burned area detected by the MODIS MCD45A1 product from April 2000 to 
November 2014 in Yunnan Province, China. Northwest Yunnan (upper left) is one of the three broad spatial clusters 
of recent fire activity that can be visually discerned. 
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Figure 2-3. Above: A fire on a mountain near Erhai Lake in Dali, China, in February 2019. Below: Burned area on 
Cangshan Mountain in Dali, June 2018. Photos by the author. 
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2.2. Getting fire data 

Depending on the temporal range, information on past forest fire events can be obtained from 
several sources. Sedimentary charcoal records are used to study and reconstruct paleo-fire 
regimes (mostly from the Last Glacial Maximum but also at the geological period's scale until 
420 mya) and match them with major climatic and socio-economic changes (Gavin et al. 2007; 
Power et al. 2008; Leys, Carcaillet, et al. 2013; Vannière et al. 2016; Blarquez et al. 2018), while 
dendrochronology can be used to date fire scars of past centuries, to several millennia (Taylor 
and Beaty 2005; Amoroso et al. 2017; Harley et al. 2018). For more recent times, fire records 
are in general collected by government agencies. Several countries have systematically recorded 
fire events that occurred on their territory in local, provincial, and national registries, and then 
organized them in centralized databases. The Canadian National Fire Database 
(http://cwfis.cfs.nrcan.gc.ca/ha/nfdb) or Switzerland's Swissfire database 
(http://www.wsl.ch/swissfire/index_EN) are two representative examples. During the last 
decades, satellite imagery has proven to be a valuable tool for monitoring fire and other Earth 
dynamics (Pettorelli et al. 2014). This technology presents several advantages, such as quasi-
global spatial coverage, temporal continuity, and measuring consistency across space and time. 
They are an excellent tool for collecting data retroactively and filling information gaps, 
especially in data-poor regions and for low-budget users. For remote regions, satellite 
observations may represent the only source of information (Khawlie et al. 2002). In the field of 
fire science and management, satellite remote sensing contributions are used for the assessment 
of fire danger by mapping fuel types and fuel moisture content, the detection of active fires, the 
evaluation of fire effects on the landscape, and monitoring vegetation recovery (Chuvieco et al. 
2020). Other remote sensing devices have been successfully employed for land surveys on 
smaller portions of space, such as aerial imagery (orthophotos) and Unmanned Aerial Vehicles 
(UAV). Thanks to their low cost and convenience, small UAV are increasingly employed in 
areas with difficult access such as mountains (Burchfield et al. 2020), and for quick and efficient 
monitoring of active fires (Ambrosia et al. 2011). 

Official fire inventories are in general owned by government agencies and, unfortunately, 
not always freely accessible by the public. Moreover, especially for remote and less populated 
areas, data about historic fire events are often incomplete or inaccurate (Summers et al. 2011). 
This is the case in China (Yang 2014), where the only official and publicly available ground-
based data from the government is published in the China Statistical Yearbooks and China 
Forestry Statistical Yearbooks (partially available at 
http://www.stats.gov.cn/english/Statisticaldata/AnnualData/). Basic information, such as total 
burned area, number of fire events, severity rank, and ignition sources are grouped yearly at the 
provincial level. However, locations are not provided except for a few particularly severe fire 
events. Unfortunately, the provincial scale of this data is not suitable for regional or local studies. 
Besides, past research comparing data found in Statistical Yearbooks with data extracted from 
satellite reported considerable differences in the estimations of burned areas, with a general 
tendency for underestimation by the Statistical Yearbooks (Yan et al. 2006).  
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Using satellite products to reconstruct recent land surface phenomena, including fire 
disturbances, in regions lacking baseline data remains the most convenient and effective option. 
However, the methodologies employed to map a given phenomenon may vary according to 
several factors such as the spatial and temporal pattern of the disturbance, its spectral 
characteristics, the aim of the mapping operation (change-detection, impact assessment, time-
series analysis, etc.), and the physical properties of the target area. Heterogenous landscapes 
present several technical and methodological difficulties that make traditional remote sensing 
routines, particularly image processing and analysis, inadequate and prone to conspicuous errors 
(Schneiderbauer et al. 2007; Ward et al. 2011). The main source of errors comes from the 
extremely rugged terrain and multiple landforms which introduce distortions and shadows in the 
images complicating their interpretation. This and other challenges are among the subjects that 
the present thesis tackles and attempts to overcome. 

2.3. Aims of the thesis, research questions, and hypotheses 

In general, researchers agree that several decades of fire records are needed to understand 
the recent fire regime of a given region. Historical fire records are also required to assess their 
relationship with climate/weather, landscape, and socioeconomic factors, in particular their 
variability in time (Krebs et al. 2010; Bowman et al. 2011). Understanding fire regimes is an 
essential prerequisite for sustainable land management and fire safety operations, as well as for 
planning efficient resilience and adaptation measures towards changing climatic and socio-
economic conditions (Chuvieco, Giglio, et al. 2008; Bowman et al. 2011; Schoennagel et al. 
2017). The urgent need for good-quality and consistent historical datasets, high-resolution 
models, and a better geographic representation and coverage of the earth's pyromes, have been 
repeatedly pointed out by several scientists and reiterated recently (Archibald et al. 2013; 
Bowman 2018; Rogers et al. 2020; Bowman et al. 2020). In a nutshell, past observed information 
is necessary to understand the present situation and to predict future trends. While a fair amount 
of research is addressed to the main flammable biomes of the earth, this thesis acknowledges the 
global importance of mountains and their specific needs in terms of fire management planning. 
In particular, we focus on the challenges that several researchers face when trying to obtain basic 
data in remote and poorly accessible areas. 

The main goal of the thesis is: 

To develop robust methods for the reconstruction of past fire history which are 
suitable for heterogeneous mountain environments. 

As presented in section 2.1, we take northwest Yunnan as a case study, being an ideal 
representative region showcasing several technical and methodological challenges in terms of 
data collection. The methods developed in this thesis are also meaningful to other areas facing 
similar difficulties. 
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To achieve this main goal, we organized the overall research in several related objectives 
listed here together with their related research questions and hypotheses. 

1. To evaluate the quality and the usability of existing global burned area products in 
the complex landscapes on northwest Yunnan. 

Question: Are the widely used and freely available global fire products suitable to 
estimate the past fire activity in mountainous landscapes? 

Hypothesis: The existing fire products highly underestimate the impacts of fire in 
northwest Yunnan and are therefore unsuitable for more advanced analyses such as 
the assessment of risks based on past data. 

2a. To assess the spectral permanence of burn scars and their detectability by the 
Landsat sensors in different vegetation types and at several post-fire time-gaps. 

Question: For how long can burned areas be successfully detected by the Landsat sensors, 
given potentially divergent recovery patterns of different vegetation types? 

Hypothesis: Different vegetation types recover at different speeds, and in general, burn 
scars are difficult to detect after one growing season. 

2b. To identify the most suitable satellite-derived vegetation indices to map burn scars 
in different vegetation types at different post-fire dates. 

Question: Which spectral indices show the best separability between burned and 
unburned vegetation in different vegetation types at different post-fire dates? 

Hypothesis: Vegetation spectral indices perform differently in mapping burned areas at 
different post-fire dates in different vegetation types. 

3. To identify the different difficulties encountered when mapping burned areas in 
complex mountain landscapes, develop an automatic solution based on the historical 
Landsat archive, and evaluate its performance. 

Question: How can we adapt remote sensing techniques to effectively map burned areas 
in complex mountainous landscapes without prior spatial information on past fire 
events? 

Hypothesis: Given the manifold difficulties of remote sensing of fire in heterogeneous 
landscapes, an automatic mapping routine may include specific solutions and 
compromise adaptations. Better mapping accuracy than existing global products is 
achievable. 
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2.4. Structure of the thesis 

The thesis is structured in seven chapters. A general introduction opens on the broad topic 
of the role of fire in ecosystems and the complex interactions between fire, landscapes, climate, 
and humans. The focus will then move towards the heterogenous environmental features found 
in mountainous regions, their delicate ecosystems, the potential hazard represented by changing 
fire patterns, and the pressing need for specific management plans based on an informed 
assessment of past impacts of fire. 

The second chapter presents the aims, research questions and hypotheses of the thesis, as 
well as the study region. A short introduction on the core theme of the thesis, namely the need 
for historical and spatially-explicit data on forest fires, is also included in this chapter. 

Chapter 3 presents a conceptual model developed for understanding the patterns of forest 
fires in mountainous landscapes and predict potential future shifts. From the definition of the 
concept of fire regime and its components, we develop a fire risk framework inspired by the 
outcome vulnerability model, an approach typically employed in risk assessments of natural 
hazards. This chapter sets the broad context for long-term research, of which the present thesis 
represents only the very first and the most challenging step (data collection). 

In the fourth chapter, we analyze some of the existing global fire products showing some 
potential to be adopted as baseline historical fire data for northwest Yunnan. We used a spatial 
and temporal subsection of the study area and period to obtain a rapid assessment of their 
mapping capabilities. 

With Chapter 5, we start looking at the Landsat satellite capabilities, being the longest 
satellite mission providing moderate resolution (30 meters) images at regular time intervals. In 
a time-series perspective, we evaluate the capabilities of 11 spectral indices in detecting burn 
scars at 1 to 5 years post-fire dates in the four dominant vegetation types found in northwest 
Yunnan. The best performers are identified and integrated into the development of an automated 
burned area extraction routine presented in the following chapter. 

The major difficulties encountered in remote sensing of fire in data-poor, mountainous 
complex landscapes are discussed in Chapter 6, and a prototype methodology entirely executable 
in free GIS software is presented. We produced a dataset of yearly fire polygons from 1987 to 
2018 covering our study region, and we tested it for both spatiotemporal fire event detection and 
burned area mapping accuracy. 

The last chapter summarizes the conclusions of each previous chapter with an emphasis 
on our initial research questions and re-opens with insights on the future work in line with the 
risk framework proposed in chapter 3. 
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2.5. Publications and outputs 

It is important to note that the publications listed here refer to the author's day-to-day 
research while in his principal working place in China, under the supervision of Prof. Wen Xiao 
(included in the thesis jury). The conceptual risk/vulnerability framework is the fruit of the 
author's work during his Geneva visits in 2016, 2017, and 2018, under the supervision of Prof. 
Anthony Lehmann and Prof. Hy Dao, co-directors of the thesis, who also oversaw the general 
course of the research. The fire risk framework's actual implementation represents a second step 
made possible thanks to the baseline data generated in the present thesis. This step is currently 
in process but not included here. The related outcomes are planned for the year 2021. 

The content of this thesis has been partially published in three peer-reviewed articles and 
one additional publication is in preparation for a Chinese peer-reviewed journal targeting a 
specific audience: 

• Fornacca D, Wang R, Zhang C, She R, Yang X, Xiao W. Defining recent fire regime in 
the mountains of Northwest Yunnan using 30 years of fire records derived from Landsat 
time-series. (in preparation) 

• Fornacca D, Ren G, Xiao W (2020) Small fires, frequent clouds, rugged terrain, and no 
training data: a methodology to reconstruct fire history in complex landscapes. 
International Journal of Wildland Fire. https://doi.org/10.1071/WF20072. 

• Fornacca D, Ren G, Xiao W (2018) Evaluating the best spectral indices for the detection 
of burn scars at several post-fire dates in a mountainous region of Northwest Yunnan, 
China. Remote Sensing 10, 1196. doi:10.3390/rs10081196. 

• Fornacca D, Ren G, Xiao W (2017) Performance of three MODIS fire products 
(MCD45A1, MCD64A1, MCD14ML), and ESA Fire_CCI in a mountainous area of 
Northwest Yunnan, China, characterized by frequent small fires. Remote Sensing 9, 1131. 
doi:10.3390/rs9111131. 

A database of georeferenced fire events for the period 1987-2018 including locations, year 
of burn and area burned was produced and made available on a dedicated GitHub repository: 
https://github.com/DavideFornacca/Fire 
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3. A conceptual framework of fire risk in northwest Yunnan 

3.1. Describing long-term fire patterns: the concept of fire regime 

The "traditional" fire triangle concept was first proposed by Clive M. Countryman (1972) 
and was composed of fuel (flammable biomass), topography, and air mass (weather). In this 
generalized view, the author attempted to examine what he calls the fire environment, focusing 
mainly on the conditions allowing burning and fire behavior. The model has been widely adopted 
in fire ecology and evolved significantly toward a better distinction of the interactions and 
feedbacks between the multiple drivers governing wildland fires across spatial and temporal 
scales. Figure 3-1 represents a contemporary model proposed by Moritz et al. (2005), in which 
three different triangles correspond to processes happening at three different spatiotemporal 
scales. Other models exist (e.g., Scott et al. 2014; McGranahan and Wonkka 2018), but the 
underlying concepts are similar. 

 

Figure 3-1. Controls on fire at different spatiotemporal scales. Dominant factors that influence fire at the scale of a 
flame, a single wildfire, and a fire regime. This is an extension of the traditional 'fire triangle' concept (Countryman 
1972; Pyne et al. 1996), here including broad scales of space and time, the feedbacks that fire has on the controls 
themselves (small loops), as well as feedbacks between processes at different scales (arrows). Original figure from 
Moritz et al. (2005). 

The fundamental elements for a flame to exist are a source of heat (or ignition), fuel, and 
oxygen. Scaling up to the size and duration of a wildfire, elements determining the condition of 
fuels and fire behavior (intensity and spread), such as topography and weather, become dominant. 
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When studying the dynamics of wildland fires over several decades and at the landscape or 
regional level, we talk about fire regimes. Here, fuels are more broadly categorized by vegetation 
types, while climate patterns are more suitable descriptors of the fire system than short-term 
weather variables, and ignition sources, whether natural or anthropogenic, are specified. These 
triangle representations have the advantage of simplifying the fundamental aspects of fire but 
are not enough to describe all the complex interactions between the different controls. For 
example, except for the ignition sources, the human dimension influencing vegetation or climate 
patterns in the case of anthropogenic climate change is not included in this model (McGranahan 
and Wonkka 2018). 

Our main reason for showing Figure 3-1 is to locate the spatiotemporal context of the 
present research. We aim to set up a framework to better understand the long-term fire 
occurrence dynamics in northwest Yunnan's mountainous region. For this purpose, the concept 
of fire regime (third triangle) represents a good starting point. As briefly introduced in Section 
1.1, this concept has been widely used to classify different fire systems using a set of measurable 
variables. Fire regimes are regular, multi-decadal burning patterns deeply embedded in different 
ecosystems at the regional scale. For the sake of clarity, we will follow the conceptual framework 
proposed by Krebs et al. (2010), which is the result of a substantial review of the concept's 
history and multiple definitions (Figure 3-2). A narrower definition (sensu stricto) of fire regime 
includes only core components related to the spatiotemporal patterns of fire occurrence, that can 
be grouped in "where" factors (fire locations, distribution, clusters, size, etc.), "when" factors 
(chronology, seasonality, fire return interval, fire rotation, etc.), and "which" factors (vegetation 
type and layer, fire behavior and intensity, etc.). In a broader sense (sensu lato), the concept 
includes biotic and abiotic factors controlling the occurrence of fire, including but not limited to 
those indicated in the fire triangle model. These factors may comprise fuel characteristics 
(flammability, connectivity, volume, etc.), meteorology and climatic conditions, ignition sources, 
morphological features of the landscape such as topography, land and fire management policies, 
and synergisms with other disturbances. Moreover, the immediate effects of fires on landscapes 
(ecological severity) and human societies may be integrated. Further parameters can be derived 
from the analysis and combination of the other three groups. The authors clearly state that all 
parameters are facultative and should be used in a well-defined context according to research 
and policy goals, as well as data availability. Indeed, the primary information necessary to define 
most of the model parameters is a dataset of burn events. Some variables such as fire return 
interval require decades of fire records to be calculated; geographic coordinates are necessary to 
assess spatial patterns, while only a fine temporal resolution allows the identification of intra-
annual variations. 
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Figure 3-2. Conceptual model of fire regime parameters. Adapted from Krebs et al. (2010). 

The fire regime framework shown in Figure 3-2 is our modification from the original 
model by Krebs et al. (2010), which can be found in Appendix A for reference. Our adaptation 
aims to better include the role of topography, which in mountain's complex environments is 
probably among the most dominant features. Elevation, slope, and aspect interact with climate / 
weather conditions and sun exposure, influencing vegetation type and the moisture content of 
soils and fuels. Consequently, fire spread, burn intensity, and severity may be limited or 
expanded (Deng et al. 2007; Linn et al. 2007; Flatley et al. 2011; Cansler and Mckenzie 2014; 
Fang et al. 2015; Harris and Taylor 2019; Mitsopoulos et al. 2019), and post-fire vegetation 
regeneration and structure may be in turn influenced (Han et al. 2015; Ireland and Petropoulos 
2015; Bassett et al. 2017). Steep slopes affected by fire are more susceptible to subsequent 
surface erosion and landslides causing changes in soil composition, loss or redistribution of soil, 
and modification of hydrological systems, also several years after the fire where vegetation 
recovery is slow (Wondzell and King 2003; Shakesby 2011; Abney et al. 2017; Nunes and 
Lourenço 2017). The relationships between multiscale climatic conditions, including extreme 
weather events such as prolonged droughts, abnormal temperatures, and storms, with the 
occurrence, spread, and severity of wildfires have been studied widely and are often considered 
the dominant determinants of the variation of fire regimes in several biomes (e.g., Jessie 1995; 
Piñol et al. 1998; Taylor and Beaty 2005; Crimmins 2006; Flannigan et al. 2009; Zumbrunnen 
et al. 2011; Koutsias et al. 2013; Chen et al. 2014; Jolly et al. 2015; Harvey et al. 2016). Another 
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among the major conditions shaping fire dynamics are anthropogenic interventions. In some 
ecosystems, such as Mediterranean shrubs and tropical forests, in wildland-urban interfaces, and 
in those rural and mountainous areas where shifting cultivation is a common practice, humans 
represent the main fire ignition source. In other biomes such as boreal forests, ignitions by 
lightning are more common. Long-term land management and fire policies, as well the 
traditional use of fire have shaped most landscapes and fire regimes to become highly 
anthropogenic (Pausas and Keeley 2009; Bowman et al. 2020), with direct impacts on the 
number and size of fire events and indirect impacts on the severity and intensity of fires. 

The employment of the fire regime model is an essential step to understand the role of fire 
in a given region. First of all, a range of 'normality' of fire occurrence can be determined and 
used as a reference for comparison with past and future conditions. Moreover, the multiple 
factors participating in the system can be identified and included in the model to obtain a better 
description of the phenomenon. However, these technical specifications of a region's fire activity, 
if they remain purely descriptive, have limited implications for fire management. Monitoring the 
spatiotemporal pattern of fire events (i.e., the sensu stricto variables) and their immediate 
impacts is important to detect potential shifts (a deviation from the usual pattern), but the reasons 
for such shifts are often the result of complex interactions between the different conditions of 
fire, the fire itself (previous burns), and long-term effects (forest recovery patterns, etc.). To 
better interpret and understand these complex interactions and the covariation among the 
different parameters (linear or not), multivariate predictive approaches are often used (Weinstein 
and Woodbury 2010; Leuenberger et al. 2018). These approaches also have the advantage of 
being able to simulate future fire conditions by modifying certain variables based on projected 
scenarios. In this context, researchers rely on the concept of risk and probability to support 
decision making in forest fire policies. 

Before extending our discussion on fire risk frameworks, we will have a look at the existing 
literature (mostly in English) on the fire regimes of China, in particular for the Yunnan province 
and our study area. 

3.2. Fire regimes in China and Yunnan 

In China, only a few studies attempted to describe current or historical fire regimes and 
were in general either encompassing broad regions at relatively coarse spatial resolution or 
related to specific case studies. The term "fire regime" is rarely used, but publications focusing 
on one or more controls of fire, patterns of fire occurrence, and impacts of fire are numerous. 
Therefore, we will mostly focus on those studies related to Yunnan province and northwest 
Yunnan, but we will also include broader regions if they are themed explicitly on fire regimes. 

Chen et al. (2017) used MODIS data to extract twelve variables, including fire frequency, 
intensity, size distribution, and vegetation characteristics. These variables were clustered on a 
0.5° grid resulting in six distinct fire regimes in China (Figure 3-3). Most of Yunnan province 
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was classified as a "low frequency, sporadic, and intense forest fires" region, but a few areas, 
including the northwest, were "frequent and small fires with a very long fire season duration", 
which according to observed data is more correct (Shu et al. 2003). Using a totally different 
approach, Krawchuk and Moritz (2009) inferred China's fire regimes by training generalized 
additive models on climate data and fire regime classes from the United States. Their results 
showed at least three different kinds of fire regimes in Yunnan due to the high climatic gradient 
in the province. Their identification of the dominant vegetation and typical ecological effects of 
fire in NWY were quite correct (Regime R35-200forest: return interval of 35-200 years, mixed-
wood/evergreen conifer forests with shrub understorey, shrublands. Surface fire in a forest, 
understorey biomass, including seedlings/saplings, is consumed, non-lethal for mature trees). 
Other satellite observations showed that anthropogenic fire emissions are mainly owed to crop 
residue burning in China, even if poorly underestimated by the sensors, and forest fires are 
concentrated in north and southwest China (Song et al. 2009). 

 

Figure 3-3. The fire regimes of China. Fire regime 1, mainly in southern China: frequent and small fires with a very 
long fire season duration. Fire regime 2, in inland regions: infrequent, irregular, and high intensity grassland fires. 
Fire regime 3, mainly in Sichuan basin: infrequent, low intensity and small fires that are not detectable in MCD64A1. 
Fire regime 4, in northeastern and southwestern China: low frequency, sporadic, and intense forest fires; Fire regime 
5, in Northeast and North China plains: frequent, regular, and unevenly sized cropland fires. Fire regime 6, in 
western China: insignificantly burned grassland fires with low frequency, low intensity and high inter-annual 
variability. Original figure and caption from the study of Chen et al. (2017). 
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Studies in the boreal forest of northeast China investigated the effects of long-term fire 
suppression policies on the local fire regime (Chang et al. 2007; Wang et al. 2007), assessed past 
decades fire danger and regime (Chang et al. 2008; Tian et al. 2013), analyzed drivers of fire 
occurrence (Fang et al. 2015) and modeled potential future trends under climate change scenarios 
(Liu et al. 2012). Focusing on the Central Yunnan Plateau, which includes a part of our 
mountainous study area, Su et al. (2015) analyzed how the major vegetation types of the area 
adapt to fire and determined that the current fire regime is driven by fire-dependent ecosystems. 
Other studies suggested the particular resilience of Yunnan ecosystems, which are composed of 
numerous re-sprouting species with high post-fire recovery rates, depending mostly on 
topographic factors (Han et al. 2015, 2016). On a much wider temporal scale, Xiao et al. (2017) 
analyzed macroscopic charcoal records of the region and identified three postglacial periods with 
high-frequency and high-severity fires. They suggest that, when vegetation and fires were mainly 
influenced by climate with little human interference (before 4.3 ka), frequent and intense fires 
played an unfavorable role on plant diversity in the area. Focusing on paleo-fires and recent 
climatic variables, Li, Hughes, et al. (2017) analyzed microscopic charcoals collected in Yunnan 
sediments to reconstruct past fire dynamics and compared them to a modern fire database. They 
found that temperatures in the dry periods were the main factor controlling fire frequency for 
both eras. Another study found that the presence of flammable pine forests and seasonal drought 
conditions were also present during the late Pliocene (Huang et al. 2020). This fire-temperature 
relationship in the dry season, as well as the influence of other weather variables, were confirmed 
in other studies focusing on recent fire occurrences in Yunnan (Zhao et al. 2009; Chen et al. 
2012; Zhou et al. 2012). A set of multivariate analyses of several landform, meteorological, and 
vegetation factors but excluding human influences, pointed out the role of the Hengduan 
mountains in shaping the distribution of seasonal precipitation, thus contributing to higher fire 
activity in NWY (Cao et al. 2017). Surprisingly, we found very little information on human 
impacts on recent fire patterns. One modeling effort highlighted humans' key role in igniting 
most wildfires at an intermediate distance from dense activity areas such as countryside villages 
and farmland (Ye et al. 2017), while another study found a higher explanatory power in fire 
prevention policies (Xiong et al. 2020). 

3.3. From the fire regime model to a fire risk framework 

Fire management is a very complicated task requiring significant amounts of economic 
resources and, most of all, experience and knowledge. If, after decades of fire management 
policies dominated by aggressive suppression implemented in several parts of the world, we 
thought we reached the full domestication and control of the fire element, the growing resurgence 
of catastrophic wildfires experienced in recent years is proving that mitigation programs need to 
be reevaluated and that we are still far from understanding the phenomenon (Gill et al. 2013; 
Calkin et al. 2014; Bowman et al. 2020). Approaches attempting to mitigate fire occurrence 
(suppression), or the severity, intensity, and spread of fire (thinning, pruning, prescribed burning, 
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etc.) have shown both successes (Boer et al. 2009), mostly in the short term, and failures in the 
long term. Fuel treatments are sometimes ineffective and require significant and continuous 
investments to cover large areas while prescribed fire aiming at mimicking pre-industrial fire 
regimes conflicts with other societal objectives such as reducing emissions and protection of 
human health (Stubbendieck et al. 2007; Pastro et al. 2011; Driscoll et al. 2015; Buizer and Kurz 
2016; Prichard et al. 2017). Fire suppression has modified the composition and load of fuels in 
fire-prone and fire-dependent ecosystems, and together with climate change and excessive 
human interference on landscapes, is blamed for worsening the impacts of wildfires (Chang et 
al. 2007; Wang et al. 2007; Pausas and Keeley 2019). 

3.3.1. The Outcome Vulnerability model employed in climate change vulnerability assessments 

Fire seems to be the only natural hazard that we stubbornly try to fight, while for other 
ones such as earthquakes, hurricanes, and floods, we focus more on assessing risks, identifying 
vulnerabilities, and promote adaptation (Moritz et al. 2014). By acknowledging that wildland 
fires are inevitable, an integrated risk and vulnerability framework as those employed in climate 
change research and natural hazard assessment may represent a suitable approach to analyze the 
problem and minimize unwelcome impacts. The very general meaning of risk and vulnerability 
is quite common and does not require to be defined here. However, when it comes to their related 
conceptual frameworks, several definitions and descriptions of components exist, according to 
different analytical contexts and the research disciplines from where they originate (Nelson et al. 
2010; Fellmann 2012). When employing them, it is therefore important to clarify their meaning, 
the research context, the methodological approach, and the targeted spatiotemporal scale. For 
the purpose of the present thesis, we propose a framework integrating the general risk of fire 
occurrence and the vulnerability of a particular element at risk (land systems), following the 
Outcome Vulnerability model used by the IPCC in the climate change context. This model is 
reproduced in Figure 3-4, modified and adapted from Allen Consulting Group (2005), O’Brien 
et al. (2007), and Fellmann (2012). We chose this earlier model from IPCC because of its 
simplicity, adaptability to the fire hazard context, and suitability to predictive approaches using 
future change scenarios. Moreover, there are no apparent nested components, and no excessive 
relationships are represented. The current IPCC vulnerability model can be found in Appendix 
B and in IPCC (2014b). 
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Figure 3-4. Components of an early Outcome Vulnerability model employed by IPCC in the climate change context. 
Modified and adapted from Allen Consulting Group (2005), O’Brien et al. (2007), and Fellmann (2012). 

The idea behind the Outcome Vulnerability concept is that the vulnerability of a system 
(natural habitats, people) to the adverse effects of climate change is a function of three elements. 
Exposure is the magnitude of climate change likely to be experienced by a system located in a 
risk area. Sensitivity is the degree of harm inflicted to a system by climate change. Adaptive 
capacity is the system's potential to tolerate or adapt to climate change effects (O’Brien et al. 
2007; Dawson et al. 2011; Ofori et al. 2017). An initial function between exposure and 
sensitivity defines the potential impact that climate change may have on a system. The system’s 
adaptive capacity, such as existing prevention and mitigation measures or other sources of 
resilience, may moderate the potential impacts of climate change. The result of this second 
function is called outcome vulnerability, which can be defined as the propensity of a system to 
be adversely affected by climate change effects. In this model, the vulnerability is the end-point 
of a sequence of analyses based on well-defined systems and variables that can be quantified and 
measured, as well as modified according to projected climatic scenarios from regional and global 
circulation models (Fellmann 2012). For example, the exposure of living communities to climate 
change is typically quantified using species distribution models for wildlife or population maps 
for humans, fitted with climate variables, and then projected onto modeled future climate 
scenarios (Dawson et al. 2011; Ofori et al. 2017). Another approach used in the climate change 
context, typically by social scientists, is the Contextual Vulnerability (or starting-point 
interpretation), which focuses more on the initial conditions, both biophysical and socio-
economic, that determine the vulnerability of a system, i.e., its inability to cope with changing 
conditions. Because the latter model is more suitable from a human-security perspective 
(O’Brien et al. 2007), we considered it less adaptable to our study. 
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3.3.2. The Outcome Vulnerability model adapted to fire hazard 

If, instead of climate change as the object representing hazard, we put wildfire, and as the 
element at risk, we chose the land systems (as opposed to human property), then the Outcome 
Vulnerability model could be developed as shown in Figure 3-5. Based on the spatiotemporal 
scale of the fire regimes (Figure 3-1), the components of our vulnerability framework would be: 

• Exposure: representing the risk of fire occurrence in a given location, sometimes referred 
in the literature as fire susceptibility or fire danger. This is determined by the interaction 
between the various environmental conditions of fire such as those considered in the fire 
regime model or the classical fire triangle: topography (elevation, slope, aspect, 
ruggedness, etc.), climate/weather (temperature, precipitation, drought, fire weather 
indices, etc.), vegetation type (a proxy of fuel flammability, fuel volume, etc.), and human 
factors (as ignition source, population density, proximity and accessibility to natural land, 
etc.). 

• Sensitivity: the response of the element at risk considered when exposed to fire, 
determining its initial vulnerability. Here we consider the ecosystems’ resilience toward to 
a given fire regime (fire-dependent, fire-intolerant, etc.). We may include species 
distribution models, protected areas, and provision of ecosystem services as elements 
representing the sensitivity of different land systems. In heterogeneous mountain 
environments, forest fragmentation and the size of vegetation patches may be extremely 
important for assessing the sensitivity to fire. For example, fire-intolerant forests are highly 
vulnerable to fire, but big patches or well-connected habitats may be more resilient than 
small, fragmented, and isolated patches. 

• Adaptive Capacity: the potential of human societies to adapt and control the occurrence 
of fire. Land management policies, including fire management, laws and regulations, as 
well as the behavior of people (cultural practices, education, awareness), have an impact 
on the final vulnerability of land systems. Climate change mitigation efforts may also 
influence the outcome vulnerability of the system by affecting the climatic control in the 
exposure element. 

The advantage of this structure is that the various components of the model are well separated, 
making the task of selecting datasets representing each variable, as well as choosing a method 
for analyzing these variables and compute the model functions relatively easy. However, in the 
real world, things are much more interconnected. The distinctions between the three elements, 
especially between sensitivity and adaptive capacity, are sometimes ambiguous, and some 
degree of nesting pre-exists in the datasets used as proxies in the model (Ofori et al. 2017). For 
example, using distance buffers from villages and roads to represent accessibility by humans to 
flammable land could refer to fire ignition, but also to extinction potential. The same landcover 
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dataset may be employed to represent fuel type as an element of exposure and to define the 
sensitivity of different landscapes. 

 

Figure 3-5. Conceptual framework for the vulnerability of land systems to fire developed using an Outcome 
Vulnerability model. *The components indicated in the yellow box are relevant to the chosen element at risk, which 
in our case, are the land systems. Other parameters may be more suitable for a different target.  
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In addition to the voluminous literature on the relationship between fire frequency, size, or 
severity, with one or more stressors (conditions of fire), authors that proposed quantifications of 
the present and future risks of wildland fires still focused mainly on exposure. The multi-variate 
approaches employed and the sources and types of data utilized to define fire risk are numerous 
(Chuvieco and Congalton 1989; Alonso-Betanzos et al. 2002; Ercanoglu et al. 2006; Krawchuk 
et al. 2009; Li et al. 2012; Chang et al. 2013; Li, Zhao, et al. 2014; Tian et al. 2014; Bui et al. 
2016; Knorr et al. 2016; Valdez et al. 2017; Forkel et al. 2017; Cao et al. 2017; Leuenberger et 
al. 2018; Tehrany et al. 2018; Srivastava et al. 2019; Jia et al. 2019; Kalantar et al. 2020). 
Significantly fewer research effort was put on integrating elements of exposure with vulnerable 
targets, i.e., the sensitivity of the element at risk (Fennell and Dowling 2003; Chuvieco et al. 
2010, 2014; Zumbrunnen et al. 2011; Soto et al. 2013; Semeraro et al. 2016; Parente and Pereira 
2016; Young et al. 2017; Bañales Seguel et al. 2018; Dupire et al. 2019; Ghorbanzadeh et al. 
2019), and even less added mitigating factors of adaptive capacity (Gai et al. 2011; Connell et 
al. 2019). It is not in the scope of the present thesis to review and describe all these valuable 
approaches; however, we should note that a first attempt to integrate exposure, sensitivity, and 
adaptive capacity in the same model specific to fire hazard was proposed by Lavorel et al. (2007). 
For reference, we reproduced this model in Appendix C. Their model shows partially nested 
elements, several arrows representing causes and effects, and feedback loops. The authors 
integrated and discussed the different interactions between the dynamics of fire regimes (meso-
climate, fire regime, landcover, and land use), the consequences on biophysical and biochemical 
processes on land and atmosphere, and the consequences for goods, services, and land use 
(ecosystem functions and services). Such representation gives an idea of the complexity of the 
human-environment systems involved in fire dynamics, but this complexity can act against the 
purpose of modeling, that is, simplifying reality. 

As a final paragraph for this contextual chapter of the thesis, we propose a potential 
employment of the proposed conceptual framework. For land management purposes, our 
integrated risk/vulnerability model aims at identifying and predict the potential impacts of fire 
on natural habitats (land systems) so that effective adaptive measures and policy adjustments can 
be implemented in the more sensitive and exposed regions, minimizing the end-point 
vulnerability of the whole system (Figure 3-6). To fully evaluate the impacts of present and new 
management policies on the outcome vulnerability, the model should be used iteratively by 
modifying the different datasets using different scenario narratives and adjusting with new 
observed results. 
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Figure 3-6. Intended use of the integrated risk/vulnerability framework.  

Having this framework in mind is an important theoretical step of research. However, to 
put this model as well as the more descriptive fire regime model into practice, an essential 
element is needed: historical fire data. The following chapters are all dedicated to making this 
possible. 
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4. Evaluation of existing global burned area products 

Based on an updated version of: 

Fornacca D, Ren G, Xiao W (2017). Performance of three MODIS fire products (MCD45A1, 
MCD64A1, MCD14ML), and ESA Fire_CCI in a mountainous area of northwest Yunnan, 
China, characterized by frequent small fires. Remote Sensing 9, 1130. 

Abstract: An increasing number of end-users looking for ground data about fire activity in 
regions where accurate official datasets are not available adopt a free-of-charge global burned 
area (BA) and active fire (AF) products for applications at the local scale. One of the pressing 
requirements from the user community is an improved ability to detect small fires (less than 50 
ha), whose impact on terrestrial environments is empirically known but poorly quantified, and 
is often excluded from global earth system models. The newest generation of BA algorithms 
combines the capabilities of both the BA and AF detection approaches, resulting in a general 
improvement of detection compared to their predecessors. Accuracy assessments of these 
products have been done in several ecosystems; but more complex ones, such as regions that are 
characterized by frequent small fires and steep terrain has never been assessed. This study 
contributes to the understanding of the performance of global BA and AF products with a first 
assessment of four selected datasets: MODIS-based MCD45A1; MCD64A1; MCD14ML; and 
ESA’s Fire_CCI, in a mountainous region of northwest Yunnan; P.R China. Owing to the 
medium to coarse resolution of the tested products and the reduced sizes of fires (often smaller 
than 50 ha) we used a polygon intersection assessment method where the number and locations 
of fire events extracted from each dataset were compared against a reference dataset that was 
compiled using Landsat scenes. The results for the two sample years (2006 and 2009) show that 
the older, non-hybrid products MCD45A1 and, MCD14ML were the best performers with 
Sørensen index (F1 score) reaching 0.42 and 0.26 in 2006, and 0.24 and 0.24 in 2009, 
respectively, while producer’s accuracies (PA) were 30% and 43% in 2006, and 16% and 47% 
in 2009, respectively. All of the four tested products obtained higher probabilities of detection 
when smaller fires were excluded from the assessment, with PAs for fires bigger than 50 ha 
being equal to 53% and 61% in 2006, 41% and 66% in 2009 for MCD45A1 and MCD14ML, 
respectively. Because of the technical limitations of the satellites’ sensors, a relatively low 
performance of the four products was expected. Surprisingly, the new hybrid algorithms 
produced worse results than the former two. Fires smaller than 50 ha were poorly detected by 
the products except for the only AF product. These findings are significant for the future design 
of improved algorithms aiming for increased detection of small fires in a greater diversity of 
ecosystems. 

Keywords: MODIS fire; ESA CCI; burned area detection; mountainous region; Northwest 
Yunnan; small fires 
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4.1. Introduction 

In recent years, earth observation using sensors on board space-borne satellites has 
provided useful raw data to detect and monitor active fires and extract burned land patches, not 
only at national or larger geographic scales but also at the continental and global scales (Tian et 
al. 2005; Zhang et al. 2011; Mouillot et al. 2014). The availability of free-of-charge, global scale 
active fire (AF) and burned area (BA) products such as the MODIS derived products (Justice, 
Giglio, et al. 2002) has significantly increased the interest of global community end-users in 
their adoption for regional to local applications, especially in areas where ground data are lacking 
or are not publicly available (Mouillot et al. 2014). Global AF algorithms use thermal sensors to 
detect unusual thermal signatures from ongoing fires, and, when this signal is very strong, they 
are quite reliable. However, detection is only possible during satellite overpasses above the area 
that is burning, while clouds and dense smoke caused by fires may compromise their detection 
(Giglio 2007; Roy et al. 2008). Examples of global AF detection products include the ATSR 
Word Fire Atlas product (Arino et al. 2012) and MODIS MCD14 (Giglio et al. 2003, 2016). 
Global BA products algorithms are designed to capture abrupt changes between pre- and post- 
fire reflectance caused by the altering effect of burning on the biomass and the deposit of char 
and ash on the ground. The resulting burn scars are more persistent in time than the thermal 
signatures of ongoing fires, but not always easy to detect or distinguish from other disturbances 
when burn severities are low. Among global BA products, the European Space Agency (ESA) 
produced GLOBSCAR for the year 2000, using data from the ERS-2 and ATSR-2 sensors 
(Simon et al. 2004). ESA also developed the GBA2000 project (Tansey 2004) and its modified 
version, the L3JRC project (Tansey et al. 2008), based on SPOT-VEGETATION data at 1 km 
resolution. The algorithms of these two products were combined with the GLOBSCAR 
algorithm to produce the GlobCarbon BA (Plummer et al. 2006, 2007), a multi-sensor approach 
that covers a longer time period (1998–2007). More recently, under the Fire_cci project, ESA 
developed the several BA algorithms designed for different sensors, such asFireCCI41 (Alonso-
Canas and Chuvieco 2015) based on ENVISAT’s MERIS sensor which offers spectral bands in 
the visible and near infrared spectrum at a spatial resolution of 300 m, and the newest FireCCI512 
based on MODIS data (Chuvieco et al. 2018). Furthermore, NASA’s satellites Terra and Aqua 
are equipped with the MODIS sensors, whose data has been used to produce the MCD45 (Roy, 
Jin, et al. 2005; Roy et al. 2008) and MCD64 (Giglio et al. 2009) global BA products. The latter 
was integrated in the Global Fire Emission Database version 4 (GFED4), which is widely used 
for atmospheric and biogeochemical models (Giglio et al. 2010, 2013) and now includes a hybrid 
version including active fire products (Randerson et al. 2017). The MODIS fire products are 
appreciated by the community of practitioners for their user-friendly access and manipulation, 
their relatively high spatial resolution (500–1000 m), and their reliability (Mouillot et al. 2014; 
Padilla et al. 2015). Several alternative, hybrid, multi-sensor approaches can be found in the 

 
2 FireCCI41 is the product used in this assessment because it was the latest available at that time (2017). Note that 
in the present study, we will refer to this product using its original name: Fire_CCI. It is now superseded by 
FireCCI51. 
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literature (Van der Werf et al. 2006, 2010; Tsela et al. 2014), but, for the moment, those methods 
have not yet delivered a final, ready-to-use product, or are deprecated. 

Satellite images are acquired using different types of sensors having different specs in 
terms of spatial, spectral, and temporal resolution. Consequently, the interpretation of burned vs. 
unburned pixels can potentially be very different among BA and AF algorithms. Comparative 
analyses and validation research have shown that, in dissimilar ecosystems, the performance of 
global AF, and BA products varies considerably (Boschetti, Eva, et al. 2004; Schroeder et al. 
2008; Giglio et al. 2010; Núñez Casillas et al. 2013; Freeborn et al. 2014; Chuvieco et al. 2016). 
All of the above-mentioned global BA and AF products have been widely validated for the main 
fire-prone biomes, such as boreal forests, Mediterranean scrub and pine forests, tropical forests, 
woody savannas, and grasslands (Roy, Frost, et al. 2005; Csiszar et al. 2006; Roy and Boschetti 
2009; Urbanski et al. 2009; Anaya and Chuvieco 2012; Núñez Casillas et al. 2013; Tsela et al. 
2014; Araújo and Ferreira 2015), but alpine ecosystems have never been assessed.  

In this study, we assess the performance of selected global AF and BA products in a portion 
of our study area situated in the mountainous region of northwest Yunnan (NWY), China. In 
order to improve the resources management and maintain the ecosystem services in the steep 
mountainous region of NWY, there is the pressing need to set up a database of historical fire 
events that will be used as input data for effective risk assessment models. To serve this purpose, 
we evaluated the potential of global fire products to detect fire events in NWY. We selected 
those products with the most suitable features in terms of spatial resolution and temporal span3, 
and compared them with a reference dataset based on visual interpretation of Landsat TM scenes. 
The chosen products were MODIS’s MCD45A1, MCD64A1, MCD14ML; and ESA’s Fire_CCI. 
A detailed description of each product is provided in the next section. Based on our results, we 
cross-compared burned areas obtained from the best BA product with those obtained from the 
only pure AF products (MCD14ML), in order to evaluate the potential use of a merged AF and 
BA product similar to the ones proposed by Randerson et al. (Randerson et al. 2012) or Tsela et 
al. (Tsela et al. 2014). Because of the medium-to-coarse resolution of the selected datasets, a 
relatively big rate of errors of detection of small fires (<50 ha) is very likely to occur. Small fires 
may cover only a fraction of the product’s pixel and the heterogeneity of burn severities may 
reduce the spectral signal left by the burn scar, reducing the probability of detection. In the case 
of the products using AF approaches, small fires’ duration may be too short to be detected. 
Previous studies reported larger errors of omission for small fires (Csiszar et al. 2006; Giglio et 
al. 2009; Li, Song, et al. 2014; Tsela et al. 2014; Araújo and Ferreira 2015). The main aim of 
this study is to identify which product performs the best and to judge its suitability for 
applications that require a more accurate and quantified measure of fire activity. The best dataset 
could be used to generate seeds or as a control data for the accuracy assessment of future regions-
specific algorithms. 

 
3 Note that this selection was performed at the time of the study, which was during the year 2017. 
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4.2. Data and methodology 

4.2.1. Description of study site 

This study was done using the broader definition of northwest Yunnan (see Section 2.1). 
Therefore, a few areas in the southwest portion of the region are included here but not in the 
following studies. Because of the large amount of time needed to map burned areas from Landsat 
scenes manually, for this analysis we selected one sample area corresponding to Landsat WRS-
2 (Worldwide Reference System) path 131, row 42, and excluded the portions that are outside 
of the NWY boundary (Figure 4-1). We chose this area because of its high frequency of fires 
and the availability of cloud-free satellite images for the accuracy assessment. Moreover, the 
variety of ecosystems that it contains, appropriately represent NWY. 

4.2.2. Data processing 

In this study, we aim to test the ability of the chosen products in the detection of burn scars, 
which we consider as objects. We are interested in the number of fires and their location, and 
not in a subpixel analysis of burned area accuracy (more details in Section 4.2.3). In this 
perspective, the main processing task consists in the aggregation of raw burned pixels to form 
consistent objects with unique ID and attributes, called ‘fire events’. To guide the aggregation, 
spatial and temporal rules need to be defined, so that pixels spatially and temporally adjacent 
belonging to the same fire event are grouped. We chose to produce datasets that are tailored to 
the spatial and temporal resolution of the sensor from which they were originated. Spatial and 
temporal accuracies of each product were considered individually. This approach has the 
advantage to be more flexible to later treatments if fire events need to be further aggregated to 
satisfy user requirements. 

The specifications and processing of the selected AF and BA products and the reference 
dataset, as well as the spatial and temporal rules for the aggregation of burned pixels are 
described in detail in the following subsections. Main products’ characteristics are summarized 
in Table 4-1. All data manipulations were performed using geoprocessing techniques within the 
free GIS software QGIS (http://www.qgis.org). 
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Figure 4-1. Location of the study area. The most restrictive boundaries of northwest Yunnan and a broader 
definition of the region, as well as the Landsat coverage selected for the accuracy assessment are represented. The 
large map shows the main landcover classes according to MODIS MCD12Q1 product for 2011 over a shaded relief. 
Most recent MCD12Q1 version: https://lpdaac.usgs.gov/products/mcd12q1v006/. 

4.2.2.1. MODIS Burned Area Collection 5.1 (MCD45A1) 

MCD45A1 is one of the MODIS land products suite generated with global MODIS 
imagery from the Terra and Aqua satellites (Justice, Townshend, et al. 2002). The algorithm 
used to generate this product relies on a bi-directional reflectance model change detection 
approach to map rapid changes in daily surface reflectance time-series data, at a pixel size of 500 
m. Fires occurred in previous seasons or years are excluded and only recent fires are mapped. 
MCD45A1 information and data access can be found on a dedicated website that is maintained 
by the University of Maryland (http://modis-fire.umd.edu/). The data are delivered as monthly 
composites depicting per-pixel approximate Julian day of burning with an eight-days precision 
interval before and after the date of detection, confidence of detection, surface type, and other 
information. We selected this product for its relatively high spatial and temporal resolution, and 
for its good performance (Chang and Song 2009; Anaya and Chuvieco 2012; Moreno Ruiz et al. 
2013). 
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We downloaded monthly composites of MCD45A1 from 2001 to 2015, clipped to the 
extent of NWY (large) and reprojected to the local UTM zone (47N), conserving the 500 m pixel 
size. To maximize the probability of detection, we kept fire pixels having both high and low 
confidence of detection levels, but we excluded fire pixels that are mapped over agricultural 
areas, as recommended in the product’s documentation. MCD45A1 retrieves landcover classes 
from the MODIS MCD12 Land Cover Type Yearly global product 
(https://lpdaac.usgs.gov/products/mcd12q1v006/). The burned pixels were then aggregated to 
form consistent fire events using the intersection (logical AND) of the following two rules: 

• Spatial rule: burned pixels should be directly adjacent to each other or within a maximum 
distance of 1 pixel. We chose a 1-pixel buffer to minimize inaccuracies related to the coarse 
spatial resolution of the sensor, such as partially burned pixels that remain undetected. 

• Temporal rule: pixels should have burning dates within a maximum temporal distance of 
16 days. This rule is based on the 8-days precision interval before and after the date of 
detection proper to the product’s algorithm. 

The resulting fire events were finally organized in a vector database. 

4.2.2.2. MODIS Active Fire Collection 6 (MCD14ML) 

The MODIS Active Fire product is produced using a contextual algorithm that applies 
thresholds to the brightness temperatures from the middle-infrared and thermal infrared channels 
of the MODIS instrument. Active fires are mapped at 1 km resolution during satellite overpass 
and, in order to limit false detections, potential burning pixels undergo a series of tests, masking 
operations, and further rejection tests. MCD14ML is a global monthly fire location product that 
is delivered as plain ASCII files. It contains the geographic location, date, and some additional 
information for each fire pixel detected by the sensors. Data download, description, user manuals, 
and algorithm details can be found on the MODIS Active fire and Burned Area products website 
(http://modis-fire.umd.edu/). We chose this product for the potential of its different approach 
and the relatively high resolution. In fact, even if the product’s pixel size is 1000 m, under very 
good observing conditions, a smaller fire of 100 m2 or even 50 m2 can be detected (see the user 
guide on http://modis-fire.umd.edu/guides.html). Indeed, cloud coverage is the main factor 
compromising the good detection of active fires and fires may last too shortly to be detected 
during the next satellite overpass. 

Monthly composites of MCD14ML from 2001 to 2015 were downloaded, clipped to the 
extent of our study region, and reprojected to the local UTM zone (47N). Agriculture fires were 
masked using MCD12 landcover product. Because MCD14ML hotspots represent fires at 1 km 
resolution that could be located anywhere within the pixel, the whole pixel was considered as 
burned. We calculated a 500 m buffer around each point and aggregated the resulting polygons 
when they were touching or intersecting, and with AF dates differing less than four days, to form 
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consistent fire events. The temporal distance is reduced when compared to MCD45A1 because 
the thermal sensor detects fires when they are active, with a high temporal accuracy. 

4.2.2.3. MODIS Direct Broadcast Burned Area Collection 6 (MCD64A1) 

MCD64 is the latest product of the MODIS Burned Area suite of products. It has been 
adopted as the standard MODIS burned area product for collection 6, replacing the former 
MCD45 suite, which will not be generated beyond Collection 5.1. It is based on a hybrid 
approach that exploits the potential of both MODIS 1 km active fires and 500 m surface 
reflectance input data. A burn-sensitive vegetation index is calculated from MODIS time series 
using the short-wave infrared channels, and dynamic thresholds are applied to detect persistent 
spectral changes. Afterwards, cumulative active fire maps are used to generate regional 
probability density functions for the classification of burned and unburned training samples that 
will guide the final determination of burned and unburned pixels. More information and a 
complete description of the algorithm can be found in Giglio et al. (2009). MCD64A1 presents 
a general improvement in burned area detection over past collections. In particular, a 
significantly better detection of small fires, and the adaptability to different regional conditions 
across multiple ecosystems are among the main positive aspects of this product. 

In the same manner as the previously introduced MODIS products, we retrieved and 
processed MCD64A1 GeoTIFF series. The MCD12 landcover mask was applied to exclude 
burns over agricultural land and fire events were generated using the same spatial and temporal 
rules used for MCD45A1. Veraverbeke et al. (2014) assessed the temporal accuracy of the 
MCD64A1 product to be more than 4 days before and after the date of detection. We opted for 
a 16-day temporal window to be consistent with MCD45A1. 

4.2.2.4. ESA’s Fire_CCI 

ESA’s Fire_CCI product provides the burned area metric used to quantify the Fire 
Disturbance variable of the Essential Climate Variables within the ESA’s Climate Change 
Initiative (ESA-CCI). ESA-CCI program details can be found on its webpage 
(https://climate.esa.int/en/esa-climate/esa-cci/) and in (Hollmann et al. 2013). The product was 
developed in an effort to meet end-users’ requirements of a higher resolution BA product. The 
developing team opted for the capabilities of the Envisat-MERIS 300 m resolution images, which 
are collected approximately every three days, depending on the latitude. Because the MERIS 
sensor was mainly designed for ocean color applications and not for land observations, its 
application to fire disturbance assessment is deemed as scarce (Alonso-Canas and Chuvieco 
2015). To overcome these limitations, MERIS data was combined with daily hotspot locations 
from the MODIS thermal anomalies product (MCD14ML), also contributing to the reduction of 
commission errors related to the approaches that are entirely based on reflectance changes. The 
algorithm follows a hybrid two-phase approach: a seed selection phase from MODIS hotspots 
followed by a Region Growing analysis phase over the MERIS’s NIR band and a NIR-derived 
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spectral index. The resulting product is offered in two forms: a Pixel BA product at 300 m 
resolution and a Grid BA product at 0.25 degrees resolution. 

We downloaded monthly composites of Fire_CCI Pixel BA version 4.1 from 
https://catalogue.ceda.ac.uk/uuid/bcef9e87740e4cbabc743d295afbe849 4 . The product time 
coverage spans from 2005 to 2011. It contains a layer with the date of the first detection, a 
confidence level layer, and a landcover layer for only the burned pixels, extracted from the CCI 
Landcover maps (https://climate.esa.int/en/projects/land-cover/). Sub-setting, reprojection, and 
landcover masking operations were performed, and the same spatial rules as MCD45A1 were 
applied. Because for regions with high cloud coverage the date of detection may be several days 
or even weeks after the fire is extinguished (Pettinari et al. 2016), the time interval used to 
aggregate pixels considered as belonging to the same fire event, was increased to 28 days. 

Table 4-1. Summary of the selected active fire (AF) and burned areas (BA) products. 

Product Satellite 
Spatial 

Resolution 
Temporal 
Resolution 

Time 
Coverage 

Algorithm Reference 

MCD45A1 
MODIS 
Aqua & 

Terra 
500 m 

Daily 
(Terra: day; 
Aqua: night) 

2001–
January 

2017 

Bi-directional 
reflectance model-

based change 
detection approach 

(Roy, Jin, et 
al. 2005) 

MCD14ML 
MODIS 
Aqua & 

Terra 
1000 m 

Daily (Terra: 
day; Aqua: 

night) 

2001–
present 

Contextual 
algorithm applied 

on middle and 
shortwave infrared 

channels 

(Giglio et al. 
2016) 

MCD64A1 
MODIS 
Aqua & 

Terra 
500 m 

Daily (Terra: 
day; Aqua: 

night) 

2001–
present 

Hybrid algorithm 
using AF hotspots 

and dynamic 
threshold over 
multi temporal 
spectral indices 

changes 

(Giglio et al. 
2009) 

Fire_CCI 

Envisat-
MERIS and 

MODIS 
Aqua & 

Terra 

300 m 
Daily (MODIS 
AF); ~3 days 

(MERIS) 

2005–
2011 

Hybrid algorithm 
using AF hotspots 
and multi-temporal 

changes in 
reflectance 

(Alonso-
Canas and 
Chuvieco 

2015) 

4.2.2.5. Landsat reference dataset 

No suitable official data on fires was available for our study region. Hence, we decided to 
compare the vector fire events datasets derived from the four selected AF and BA products with 
a reference dataset that was compiled using 30 m Landsat imagery. Using higher-resolution 
datasets, such as the Landsat and ASTER archives, is a robust approach that is commonly 

 
4 This is the current website where the latest and the deprecated datasets can be retrieved. 
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employed by researchers when assessing the accuracy of BA products of coarser spatial 
resolution (Barbosa, Grégoire, et al. 1999; Roy, Frost, et al. 2005; Schroeder et al. 2008; Araújo 
and Ferreira 2015; Padilla et al. 2015). Visual interpretation is a time-consuming task because it 
is performed manually by the analyst who, using empirical knowledge and personal experience, 
identifies and maps burned patches in the image. Burned areas are clearly visible in Landsat 
images when integrating the infrared band in the image composite (Figure 4-2, black color), 
especially when comparing a pre-burn scene with a post-burn scene. Because of time availability 
constraints, we selected two sample years to be used in the accuracy assessment. The selected 
years were 2006, from Julian day 25 to 345; and 2009, from Julian day 17 to 52 of the following 
year (2010). These time frames were chosen for the particularly high fire activity in the study 
region and the availability of a relatively high number of cloud-free Landsat scenes within the 
two years. Five Landsat scenes for 2006 (Julian days 25, 57, 137, 217, 345) and six Landsat 
scenes for 2009 (Julian days 17, 33, 49, 81, 273, and 52 of year 2010) were used to perform 
visual interpretation, by comparing each scene with the following one in the time line. Additional 
scenes with only partial visibility over the study region owing to clouds were kept as support in 
the process. Spectral indices and transformations, such as Tasseled Cap, Normalized Difference 
Vegetation Index, Normalized Burn Ratio, and image differencing techniques were used to assist 
the analyst in the extraction of burned areas and the creation of the final reference dataset. Only 
fires bigger than 12.5 ha (half of a MODIS pixel) were included in the analysis. 

4.2.3. Accuracy assessment 

Rigorous validation, accuracy assessment protocols, and recommendations have been 
proposed in the literature (Roy, Frost, et al. 2005; Morisette et al. 2006; Olofsson et al. 2014), 
but are not suitable for the purpose of our study. The frequent small fires that characterize our 
study region are difficult to detect with precision using the medium-to-coarse resolution products 
that we selected to run this task. Specifically, sub-pixel accuracy of burned areas would not give 
results that are pertinent with what we really want to assess. Therefore, we opted for a more 
flexible methodology to evaluate their performance against a reference dataset. In this study, the 
assessment was performed using a polygon intersection approach (Figure 4-2), where the focus 
is put on the ability of AF and BA products to detect a fire event independently from the size 
and shape of the burn. Instead of assessing the accuracy of the detection pixel by pixel, we 
assessed the accuracy of the count and locations of fire events. If a fire event is fully or only 
partially detected, then the detection is considered as equally successful. To be considered valid, 
a burned polygon from the tested dataset should at least touch a reference polygon. Commission 
and omission errors are not related to the area of the fire events that were partially detected, but 
to those totally omitted or committed. In practice, we selected the tested products’ polygons that 
intersected reference polygons using spatial analysis tools within QGIS, and we compiled an 
error matrix with the entirety of the reference and tested datasets’ fire events. True negative data 
(non-fire polygons correctly detected) were not artificially created to be included in the error 
matrix, and they were therefore excluded from the accuracy assessment. 
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Figure 4-2. Example of polygon intersection assessment: 1. Burn scar visible on Landsat false color infrared 
composite; 2. Reference dataset manually mapped burn polygon; 3. European Space Agency’s (ESA’s) Fire_CCI 
and MCD45A1 products overlay; 4 and 5. Other examples of detection from the two products. Despite both products 
show different degrees of omission and commission errors at a sub-pixel level, in our accuracy assessment, the two 
detections of the fire event are considered equally successful. 

The usual binary error matrix metrics were extracted to quantify and compare the different 
products. The metrics were the user’s accuracy (UA), which is a measure of the reliability and 
precision of the product, the producer’s accuracy (PA), which denotes the sensitivity, or the 
probability of detection, and the F1 score [77], also known as Sørensen index or Dice’s 
coefficient, which is the harmonic mean of the two metrics previously mentioned. 
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Other common metrics relying on true negative data, such as overall accuracy, were not 
calculated because of their absence in the error matrix. Equations of the three metrics are listed 
below: 

F1 Score: F1 =
2TP

2TP + FP + FN
  

User’s Accuracy: UA =
TP

TP + FP
 ×  100  

Producer’s Accuracy: PA =
TP

TP + FN
 ×  100  

where: 

- TP = True Positive values, fire events correctly detected by the tested product 
- FP = False Positive values, fire events erroneously detected by the tested product 

(commission) 
- FN = False Negative values, fire events not detected by the tested product (omission) 

The polygon intersection methodology used in this study could lead to inconsistent results 
when a tested product heavily overestimates burned areas, because within-polygon commission 
error is not included in the calculations. However, in general, BA algorithm designers tend to 
minimize commission errors at the cost of larger omission errors (Roy and Boschetti 2009). 
Moreover, this more flexible methodology can reduce classification errors raising from image 
registration inaccuracies. By the mean of these metrics, we compared every tested product 
towards the reference dataset for the year 2006, 2009, 2006 & 2009 combined, and for three 
different fire sizes (full dataset: >12.5 ha; more than one MODIS pixel: >25 ha; more than two 
MODIS pixels: >50 ha) to highlight which product performs better with bigger and smaller fire 
sizes. Furthermore, we cross-analyzed the best BA performer with the only pure AF product to 
find out if the two products show divergent abilities in the detection of fires. If the two products 
detect different fire events - i.e., a low number of correctly detected fires in common between 
the two products – combining the two products could potentially increase the probability of 
detection (PA). 

4.3. Results 

Individual performances of the four tested global products are summarized in Table-4-2. 
Overall, the capabilities of all the products in the detection of small burned areas in this 
mountainous study region are relatively low. For both years 2006 and 2009, and consequently 
2006 and 2009 combined, the best performer was MCD45A1, displaying the highest F1 scores 
(0.42, 0.24, 0.31, respectively) and the highest UA (lower errors of commission). The best PA 
was obtained by the only pure active fire product (MCD14ML), which reached 47% in 2009, but 
this result was to the detriment of UA, which was among the lowest, and had a negative impact 
on the F1 score. The other two products, MCD64A1 and Fire_CCI, showed lower performances 
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in the detection of fire events. In 2006, the probability of detection of all the products increased 
when excluding smaller fire events from the analysis, exceeding 25% for fire sizes bigger than 
50 ha (two MODIS pixels), except for Fire_CCI, who only scored 17%. In 2009, PAs improved 
with an increasing fire size, but for MCD45A1 and MCD64A1 the values were lower than in 
2006, while for MCD14ML and Fire_CCI, PA values were higher (66% and 18% for fires bigger 
than 50 ha). 

Details about PAs per fire event size are shown in Table 4-3. According to the reference 
dataset, there were 70 fire events in total in 2006: 15 fire events with a BA size between 12.5 to 
25 ha, 19 fire events between 25 to 50 ha, and 36 fire events bigger than 50 ha. In 2009, a total 
of 144 fire events occurred with number (n) per size of 55, 45, and 44, respectively. In both years, 
most of the fire events that were correctly detected by the products were bigger than 50 ha. Only 
MCD14ML was able to detect smaller fires conspicuously, especially in 2009. The other 
products scored very low, with detected events smaller than 50 ha virtually null. 

A more detailed analysis of the user’s accuracy is illustrated in Table 4-4. We classified 
each committed fire event by its size in pixels. We can clearly observe that most of the committed 
fire events are of very small size (mostly 1 pixel) for the three MODIS products, while Fire_CCI 
shows more weighty errors in both 2006 and 2009. The very low UA of MCD14ML shown in 
Table 4-3 appears less serious when adding fire size information. 

The results of the cross-comparison of MCD45A1 and MCD14ML are shown in Table 4-5. 
For the two assessed years, the number of fire events correctly detected by both products was 
very small when compared to the sum of corrected detections when merging the two products. 
In total (2006 & 2009 combined), only 22 out of 120 correctly detected fires were in common 
between MCD45A1 and MCD14ML. If these two datasets were combined to form a unique 
merged dataset, the producer’s accuracy would clearly increase. PAs of the merged products, 
including all fire sizes, would be 59%, 55%, 56%, while MCD45A1 alone has 30%, 16%, 21%, 
and, MCD14ML alone has 43%, 47%, and 46% for the years 2006, 2009, and 2006 and 2009, 
respectively. Consequently, UA would also be smoothed down, with a negative impact on the 
F1 scores. Still, F1 scores for the merged product would be better than any single product in 
2009 and the second best in 2006. 
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Table 4-2. Performances of MCD45A1, MCD64A1, MCD14ML, and Fire_CCI products in a control site in northwest Yunnan for the year 2006, 2009, and 2006 
& 2009 combined. F1 score and user’s accuracy (UA) are shown for burned areas (BA) > 12.5 ha (full dataset) only, while producer’s accuracy (PA) is shown for 
BA > 12.5 ha, > 25 ha, and > 50 ha. 

 

 

 

 

 

 

 

 

Table 4-3. Number of fire events correctly detected (det) and producer’s accuracy (PA) of MCD45A1, MCD64A1, MCD14ML, and Fire_CCI products in a control 
site in northwest Yunnan for the year 2006, 2009, and 2006, and 2009 combined. Three different BA sizes are shown: 12.5 to 25 ha, 25 to 50 ha, and >50 ha. 

 

 

 

 

 

 

 

 

 

 

 

 

  2006 2009 2006 & 2009 

  
F1 
score 

UA 
(%) 

PA (%) 
BA>12.5ha 

PA (%) 
BA>25ha 

PA (%) 
BA>50ha 

F1 
score 

UA 
(%) 

PA (%) 
BA>12.5ha 

PA (%) 
BA>25ha 

PA (%) 
BA>50ha 

F1 
score 

UA 
(%) 

PA (%) 
BA>12.5ha 

PA (%) 
BA>25ha 

PA (%) 
BA>50ha 

MCD45A1 0.42 70 30 36 53 0.24 52 16 24 41 0.31 59 21 28 46 

MCD64A1 0.22 69 13 16 25 0.08 30 5 6 9 0.13 44 7 10 16 

MCD14ML 0.26 19 43 51 61 0.24 16 47 57 66 0.25 17 46 55 64 

Fire_CCI 0.16 37 10 13 17 0.1 11 10 13 18 0.12 15 10 13 18 

  2006 2009 2006 & 2009 

  

BA 12.5-25ha 
(n=15) 

BA 25-50ha 
(n=19) 

BA > 50ha 
(n=36) 

BA 12.5-25ha 
(n=55) 

BA 25-50ha 
(n=45) 

BA > 50ha 
(n=44) 

BA 12.5-25ha 
(n=70) 

BA 25-50ha 
(n=64) 

BA > 50ha 
(n=80) 

  det PA det PA det PA det PA det PA det PA det PA det PA det PA 

MCD45A1 1 6.7% 1 5.3% 19 52.8% 2 3.6% 3 6.7% 18 40.9% 3 4.3% 4 6.3% 37 46.3% 

MCD64A1 0 0.0% 0 0.0% 13 36.1% 2 3.6% 1 2.2% 4 9.1% 2 2.9% 1 1.6% 17 21.3% 

MCD14ML 2 13.3% 6 31.6% 22 61.1% 17 30.9% 22 48.9% 29 65.9% 19 27.1% 28 43.8% 51 63.8% 

Fire_CCI 0 0.0% 1 5.3% 6 16.7% 2 3.6% 4 8.9% 8 18.2% 2 2.9% 5 7.8% 14 17.5% 
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Table 4-4. Number of committed fire events organized by their size in pixels. Pixel size is relative to individual fire products. 

 

 

 

 

 

 

Table 4-5. Cross-comparison of reference fires detected and not detected by MODIS MCD14ML (active fire) and MCD45A1 (burned area). The tables 
emphasize fires detected by both products, fires detected by only one of the two products, and fire not detected by both products. This cross-comparison is 
useful to evaluate if the two products are sensitive to the same fire events or detect different fire events. Producer’s accuracy is calculated using the detection 
rate of a possible merged product (merged detection). 

 

 

 

 

 

 

 

 

 

 

  N° of fire events / commission pixels 

  2006 2009 

  1px 2px 3px 4-7px 8-20px >20px 1 px 2 px 3px 4-7px 8-20px >20px 

MCD45A1 7 2 . . . . 9 2 3 4 4 1 

MCD64A1 2 2 . . . . 5 9 . . 2 . 

MCD14ML 100 20 7 . . . 239 69 15 21 3 . 

Fire_CCI 3 . 2 3 2 2 55 19 7 13 13 7 

2006 fires > 12.5 ha 2009 fires > 12.5 ha 2006 & 2009 fires > 12.5 ha 
                              

    MCD14ML 
Tot. 

MCD45A1 

    MCD14ML 
Tot. 

MCD45A1 

    MCD14ML 
Tot. 

MCD45A1     det not det     det not det     det not det 

MCD 
45A1 

detected 10 11 21 MCD 
45A1 

detected 12 11 23 MCD 
45A1 

detected 22 22 44 

not detected 20 29   not detected 56 65   not detected 76 94   

  Tot. MCD14ML 30       Tot. MCD14ML 68       Tot. MCD14ML 98     
                              

  Ref. Landsat fires  70    Ref. Landsat fires  144     Ref. Landsat fires  214   

  Merged fires 177    Merged fires 438     Merged fires 615   

  Merged detection 41    Merged detection 79     Merged detection 120   

  Omitted 29    Omitted 65     Omitted 94   

  Committed 136    Committed 359     Committed 495   

  Producer's Acc 58.6%    Producer's Acc 54.9%     Producer's Acc 56.1%   

  User's Acc 23.2%    User's Acc 18.0%     User's Acc 19.5%   

  F1 score 0.33    F1 score 0.27     F1 score 0.29   
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4.4. Discussion 

Four different freely available global BA and AF datasets were compared towards a higher 
resolution reference dataset to assess their ability in the detection of fire events in a mountainous 
region characterized by frequent fires of small size. Because the accuracy assessment methodology 
chosen in this study differs substantially from the ones used for studies in other regions, a direct 
comparison of the results with those studies cannot be done. However, our findings need to be 
critically interpreted and discussed in the peculiar context of detection and quantification of small 
fire events. As expected, owing to the landscape and topographic characteristics of the target 
region, and the technical specifications of the tested global datasets, the performance of the 
products was relatively low. The F1 score, which is the harmonic mean of precision and recall (i.e., 
producer’s accuracy and user’s accuracy), was comprised between 0.08 and 0.42 in the two 
analyzed years, which are very low values A closer look at the omission and commission errors 
allows for the identification of the error type with the highest impact on the results. The choice of 
a given tradeoff between the two error types determines the results. For example, using less 
conservative rules (e.g., lower thresholds) to separate burned from unburned pixels will result in 
improved probabilities of detection at the cost of greater commission errors. As stated before, BA 
algorithm designers often opt for the opposite approach, containing commission errors at the cost 
of larger omission errors (Roy and Boschetti 2009), and our results confirm this statement. Almost 
all of the analyzed models are more accurate (lower commission) than sensitive (higher omission). 
Only MCD14ML, the only pure AF-based product, displayed higher probabilities of detection 
(PA), but also showed the lowest UAs, leading to a relatively reduced F1 score. It is worth 
mentioning that the low PA may be overstated in our approach. In fact, active fires detected by the 
MCD14ML product may be correct, but the resulting burned area may be smaller than the 
minimum size that is considered in this analysis (12.5 ha), or may have left a very light burn scar 
that escaped the analyst’s interpretation when manually mapping fire perimeters for the reference 
dataset. 

The influence of fire event size on the probability of detection can be highlighted when 
analyzing PAs for different fire sizes: every product obtained improved PAs for larger fires. 
Table 4-3 clearly illustrates the very poor detection of fires that are smaller than 50 ha by the tested 
products, except for MCD14ML, who reached PAs between 13% and 49%. Comparable results 
were found in other studies (Hantson et al. 2013). 50 ha correspond to two MODIS pixels. Sub-
pixel analysis of burned patches performed in past studies (Boschetti, Flasse, et al. 2004; Giglio et 
al. 2009; Tsela et al. 2014) reported that a 50% of BA proportion in a MODIS pixel can be 
considered as an appropriate threshold for medium resolution burned area detection, while a 
threshold of 75% highly increased the sensitivity of the MODIS products. In our study, this was 
only true for the MCD14ML, while the other products had very low sensitivity for such small 
burned areas. A possible explanation for this difference could be the shape and location of small 
fires in this mountainous region that is characterized by narrow valleys with steep mountain flanks. 
The area of a small fire could span over two or more MODIS pixels, covering only small fractions 
of each pixel, consequently resulting in a failure of the detection of that fire event in any of the 
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affected pixels. Moreover, several fires occur in herbaceous vegetation that burns very fast but also 
recovers very fast without leaving heavily marked and clearly spectrally-discernable scars. These 
conditions are not favorable to BA algorithms, which are based on abrupt and permanent changes 
in spectral reflectances (Hall et al. 2016). 

One of the main differences between the four datasets is their algorithm approach. MCD45A1 
is a pure BA-based dataset, MCD14ML is a pure AF-based dataset, while MCD64A1 and Fire_CCI 
use hybrid approaches. This difference was expected to cause dissimilar results. The fact that AF-
based algorithms are more sensitive to small fires and in general show higher probabilities of 
detection, but also many false detections (errors of commission), was already highlighted in 
previous studies. More recent algorithms were designed using hybrid approaches in order to take 
advantage of both AF and BA methods, while trying to minimize the errors of commission. The 
latest MODIS product, MCD64A1, showed great potential and an improved detection of smaller 
fires in other cases, but its performance in our study region was not as good as its predecessor’s. 
Likewise, Tsela et al. (Tsela et al. 2014) found that MCD45A1 detects smaller burned areas (50% 
of a MODIS pixel) better than MCD64A1, and when presenting the new hybrid algorithm, Giglio 
et al. (Giglio et al. 2009) stated that the minimum burn size for reliable detection is in the order of 
120 ha. ESA’s Fire_CCI product performed poorly as well. A possible reason for the failure of 
detection lies in the hybrid algorithms strategies: both hybrid approaches rely heavily on a 
probabilistic selection of candidate burned pixels based on MCD14ML. Hotspots are used as 
starting seeds for the Fire_CCI product, while the MCD64A1 product employs them as training 
samples for a classification over previously created maps of persistent changes in a vegetation 
index. Although in general very low, omission error from the AF product is entirely absorbed by 
the hybrid algorithm. Those fires not detected by the AF product will be excluded from further 
processing. This approach is very efficient to overcome excessive commission errors but may be 
too restrictive for the detection of small burned patches in mountainous regions. Moreover, without 
a proper topographic adjustment of the raw satellite images, the real surface area of a pixel in a 
rugged terrain and on steep slopes is bigger than on a flat regular terrain, making the detection of 
small fires more difficult. 

Because of the higher spatial resolution of the Fire_CCI product (300 m), a better detection 
of smaller fires was expected, but our results proved the opposite. For both of the assessed years, 
Fire_CCI performed similarly to MCD64A1, and worse than the other two products. Pixel size 
analysis showed a tendency for big commission errors on account of the confusion between burned 
land and other disturbances. Among the four tested products, Fire_CCI is the newest and its 
validation is still at its beginning stage. Preliminary comparisons showed good agreements with 
other global products, but greater omission and commission errors (Padilla et al. 2015; Pettinari et 
al. 2016; Chuvieco et al. 2016). Further validation is in progress. 
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4.5. Chapter conclusion 

The impact of small size disturbances on terrestrial and atmospheric environments is very 
important, not only at local and regional scales, but also at the planetary and continental scales. 
Modeling of the Earth System should include those small fires in order to acquire a better 
understanding of fire disturbance as a global driving force of ecosystem change. Mountainous 
ecosystems are home to rich and rare biological species and are very sensitive to pressures induced 
by human activities and climate change. The study presented in this chapter contributes to this 
understanding by delivering a first assessment of the strengths and shortcomings of the existing, 
free-of-charge, global BA and AF products, in a representative region that has never been assessed 
before. The four global products tested in this study were selected because of their relatively high 
temporal and spatial resolution. The outcomes of the accuracy assessment allowed for the 
identification of the best product and a preliminary insight into fire activity in this region. Our main 
conclusions are as follows: 

1. The analyzed global AF and BA products shows poorer results in our mountainous area than 
in other ecosystems, mainly because of the smaller size of fires. For burned areas bigger than 
50 ha, the best product could detect more than 60% of the fire events. Detection decreases 
drastically for smaller burned areas. 

2. The two former MODIS fire products, first MCD45A1 then MCD14ML, were the best 
performers in our study area, followed by MCD64A1 and Fire_CCI. These results did not 
align with our expectations. The newest algorithms are designed using hybrid approaches 
that combine the capabilities of both AF and BA methods. Therefore, among other 
improvements, they should have performed better in the detection of small fires. On the 
contrary, they obtained lower scores and higher commission and omission errors than their 
predecessors. This has important implications for the design of future algorithms. MCD45A1 
being the best performer suggests that the bi-directional reflectance algorithm is still valid 
and deserves more consideration, for example, by being integrated in a hybrid approach. 
Unfortunately, MCD45A1 has been discontinued since January 2017 and replaced by the 
hybrid MCD64A1, which produced worse results. 

3. At present, the usefulness of the existing global BA and AF products for the quantification 
of small fires is still marginal. These products were mainly designed for global or vast regions 
assessments and the spatial resolution of the sensors that are used to generate these datasets 
represents a physical limit that cannot be passed. Yet, taking into account the high rate of 
omission and commission, MCD45A1 and MCD14ML’s data can be used to obtain 
preliminary insights on the fire activity of regions that are characterized by relatively small 
fires or to partially assess the accuracy of other burned area extraction methods. 

Hence, based on the results of the present study, we recommend a re-evaluation of the new 
hybrid algorithms so that they can account for small fires occurring in ecosystems that feature 
complex landscape and topographic traits. Improved algorithms would not only benefit global and 
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continental scale applications, but also serve the increasing number of users that are working in 
smaller regions where no other reliable data about fire activity is available. Our study suggests that, 
despite the sensors’ resolution limitations, there is room for improvements in algorithm design. 
Adopting sensors with higher spatial resolution like the MERIS sensor used in the Fire_CCI 
product is undoubtedly the right direction to follow to improve the burned area mapping phase. 
Still, the first selection of seeds based on MODIS thermal bands needs to be rethought. 

We believe that a more accurate quantification of small fires, as well as other disturbance 
phenomena at global scale will be soon achievable, also thanks to the onset of big data technology. 
Existing alternatives could lie on higher resolution AF products like the 375 m VIIRS AF sensor 
aboard the Suomi National Polar-orbiting Partnership satellite (Schroeder et al. 2014), which 
collects images about every 12 h. However, its archive is very recent, beginning from the year 2012. 
Active fire data for previous years need to rely on the MODIS or other AF products. In addition, 
the Landsat archive offers four decades of 30 m resolution imagery, which has been widely used 
for all sorts of fire-related applications. In this perspective, recently, a lot of effort is put in the 
reconstruction of fire history using Landsat-based algorithms, such as the Burned Area Essential 
Climate Variable (BAECV) algorithm, which has been applied to the conterminous United States 
(Hawbaker et al. 2017). This algorithm maps burned areas with a minimum size of 4.05 ha, which 
is an ideal minimum size for mountainous areas. A first assessment performed by Vanderhoof et 
al. (Vanderhoof et al. 2017) found that, in a mountainous ecoregion of the western United States, 
BAECV detected 33% and 76% of fires with sizes 4.05 to 10 ha and 10 to 25 ha, respectively. 
These are very positive and encouraging results, which are calling for the application and validation 
of BAECV and other Landsat-based fire extraction algorithms over other regions of the world. 
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5. Evaluating fire scars permanence in fire spectral indices 

The content of this chapter is based on the following publication. However, a few adaptations 
and updates have been added. 

Fornacca D, Ren G, Xiao W (2018) Evaluating the best spectral indices for the detection of burn 
scars at several post-fire dates in a mountainous region of northwest Yunnan, China. Remote 
Sensing 10, 1196. 

Abstract: Remote mountainous regions are among the Earth’s last remaining wild spots, hosting 
rare ecosystems and rich biodiversity. Because of access difficulties and low population density, 
baseline information about natural and human-induced disturbances in these regions is often 
limited or nonexistent. Landsat time series offer invaluable opportunities to reconstruct past land 
cover changes. However, the applicability of this approach strongly depends on the availability of 
good quality, cloud-free images, acquired at a regular time interval, which in mountainous regions 
are often difficult to find. The present study analyzed burn scar detection capabilities of 11 widely 
used spectral indices (SI) at 1 to 5 years after fire events in four dominant vegetation groups in a 
mountainous region of northwest Yunnan, China. To evaluate their performances, we used M-
statistic as a burned-unburned class separability index, and we adapted an existing metric to 
quantify the SI residual burn signal at post-fire dates compared to the maximum severity recorded 
soon after the fire. Our results show that Normalized Burn Ratio (NBR) and Normalized Difference 
Moisture Index (NDMI) are always among the three best performers for the detection of burn scars 
starting 1 year after fire but not for the immediate post-fire assessment, where the Mid Infrared 
Burn Index, Burn Area Index, and Tasseled Cap Greenness were superior. Brightness and Wetness 
peculiar patterns revealed long-term effects of fire in vegetated land, suggesting their potential 
integration to assist other SI in burned area detection several years after the fire event. However, 
in general, class separability of most of the SI was poor after one growing season, owing to the 
seasonal rains and the relatively fast regrowth rate of shrubs and grasses, confirming the difficulty 
of assessment in mountainous ecosystems. Our findings are meaningful for the selection of a 
suitable SI to integrate in burned area detection workflows, according to vegetation type and time 
lag between image acquisitions. 

Keywords: spectral indices; mountain fire; residual severity; disturbance and recovery; time series; 
burned area detection  
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5.1. Introduction 

With the opening of the Landsat archive in 2008, nearly four decades of moderate resolution 
images of the Earth have been made available to the global public. Scientists from a vast range of 
fields are using these data for research purposes and to develop all sort of applications at local to 
global scales. In recent years, thanks to increasing storage capabilities, local computing power, and 
cloud computing technology, the analysis of dense time series has become accessible to ordinary 
users at reduced costs, catalyzing the development of algorithms to systematically process the data 
and extract targeted information (Wulder et al. 2012; Gómez et al. 2016). In order to monitor 
specific land surface dynamics such as natural or human-induced disturbances, land use/land cover 
change, or urban expansion, a common approach involves the processing and transformation of the 
raw spectral information contained in remotely sensed images, resulting in the enhancement of the 
target phenomena. For this purpose, spectral indices (SI) based on the most sensitive spectral bands 
while minimizing noise have been designed and integrated in change detection workflows to 
highlight particular land change events and evaluate their temporal trends (Jackson and Huete 1991; 
Bannari et al. 1995; Yang et al. 2007; Xue and Su 2017). In the case of fire disturbance, several SI 
initially intended to monitor vegetation productivity, such as the Normalized Difference Vegetation 
Index or the Enhanced Vegetation Index, as well as specially tailored SI such as the Normalized 
Burn Ratio and the Burn Area Index, have been employed to detect burned areas and assess the 
degree of impact of the disturbance using different satellite sensors (a few examples: Chen et al., 
2016; Escuin et al., 2008; Kavzoglu et al., 2016; Martin Pilar & Chuvieco, 1998). More recently, 
these SI have been incorporated in time series analysis in order to systematically detect burned 
areas and monitor long-term vegetation recovery (Huang et al. 2010; Kennedy et al. 2010; 
Bastarrika, Chuvieco, and Martín 2011; Bastarrika et al. 2014; de Carvalho Júnior et al. 2015; 
Hawbaker et al. 2017; White et al. 2017). 

To help researchers in the selection of the most suitable SI for a given situation, several 
authors performed comparative studies in different ecosystems and using different satellite sensors. 
In Mediterranean-like ecosystems characterized by chaparral, shrubs, and pine vegetation, several 
SI were tested on multitemporal sets of Landsat Thematic Mapper (TM), Enhanced Thematic 
Mapper (ETM+), NOAA Advanced Very High Resolution Radiometer (AVHRR), Moderate 
Resolution Imaging Spectroradiometer / Advanced Spaceborne Thermal Emission and Reflection 
Radiometer Airborne Simulator (MODIS/ASTER), and the Chinese Huanjing (HJ) (Chuvieco et 
al. 2002; Escuin et al. 2008; Veraverbeke et al. 2010, 2011; Harris et al. 2011; Liu et al. 2016), 
while in boreal forests, grasslands, and tundra, comparative assessments have been done mainly 
using Landsat (Epting et al. 2005; Loboda et al. 2013; Lu et al. 2016) and Sentinel-2 (Huang et al. 
2016). The latter study included other vegetation types, such as tropical and subtropical woody 
savannas, which have also been assessed using TM (Melchiori et al. 2015). A particular study from 
Schepers et al. (Schepers et al. 2014) tested SI capabilities in the heathland shrubs of Belgium 
using Airborne Imaging Spectroscopy. All the referenced studies evaluated SI capabilities for the 
discrimination of burned areas and for mapping burn severity short time after the fires occurred. 
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With a focus on post-fire vegetation recovery patterns, other authors compared different SI 
responses at multiple post-fire dates using time-series approaches (Chen et al. 2011; Lozano et al. 
2012; Pickell et al. 2016; Hislop et al. 2018). Summarizing the results of this comprehensive 
volume of literature, performance divergences were found in different ecosystems and in the time 
lag between date of the burn and the post-fire image used for the assessment. However, certain 
patterns have been observed and interpretations suggested. For example, the SI that integrate the 
shortwave infrared domain of the electromagnetic spectrum, corresponding roughly to wavelengths 
between 1100 and 3000 nanometers, tended to be more suitable for long-term vegetation recovery 
than for immediate burn-scar mapping, thanks to their sensitivity to forest structure and moisture 
content. On the contrary, SI relying on visible and near infrared light could accurately map burned 
patches if employed immediately after the fire event, when the magnitude of change in vegetation’s 
chlorophyll content was the highest (Lozano et al. 2012; Pickell et al. 2016; Hislop et al. 2018). In 
general, even if the famous Normalized Burn Ratio (Key and Benson 2006) was often considered 
the best SI, our literature review founds that there is no single SI that constantly excels and 
overperforms the others in every ecosystem, scale and time lag conditions, both for burned area 
mapping and severity assessments, as well as for vegetation recovery characterization. 

Of the tested vegetation types, Mediterranean pine/shrubs, semi-dry savannas, and boreal 
forests are among the most fire prone ecosystems on Earth, explaining the higher amount of 
published research targeting these regions. Much less can be found about impacts of fire in 
mountain environments, although they are extremely important for their ecological value while 
being highly vulnerable to climate change and natural disasters (http://www.fao.org/mountain-
partnership). Remoteness, contrasting topography and patchy landscapes that characterize alpine 
regions dictate harsh living conditions and access difficulties, limiting field research opportunities 
and presenting particular challenges for the monitoring of disturbances using remote sensing 
approaches (Weiss and Walsh 2009). Medium to high resolution imagery is required to assess 
changes in such complex ecosystems and frequent cloud cover fairly affects the quality of the 
images. Topographic effects are known to introduce distortions and artifacts that need to be 
corrected during the preprocessing stage of image analysis, together with routine radiometric and 
atmospheric corrections. Moreover, rugged terrain and sun angle create shades that obscure some 
portions of the image, highly affecting reflectance values. Several topographic correction methods 
have been developed and tested, and it is in general suggested to include them in preprocessing 
operations (Gitas and Devereux 2006; Ediriweera et al. 2013), as well as using spectral band ratios 
which are less affected by topographic effects (Weiss and Walsh 2009). However, in very rugged 
terrain and low sun elevation conditions, the performance of these correction methods decreases 
drastically (Tan et al. 2013; Sola et al. 2016). 

In this chapter, we focus on the mountainous region of northwest Yunnan, China, where 
wildland fires occur frequently during the dry and windy season, between December and May (Qin 
et al. 2010; Su et al. 2015). According to official statistics, more than 99% of forest fires in 
southwest China including Yunnan are caused by anthropogenic ignitions, often related to the 
widespread use of fire in agriculture (Li, Song, et al. 2014). The main peculiarity of forest fires in 
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this region is their relatively small size, in general 100 to 300 hectares and rarely above 1000 
hectares, which heavily impact the performance of the existing burned area products commonly 
used in regional and global assessments of fire impacts, such as MODIS MCD64A1 and ESA 
Fire_CCI (Fornacca et al. 2017). Therefore, efficient burned area extraction algorithms require 
image data of a finer resolution, such as 30 m Landsat imagery, and the use of suitable SI. However, 
cloud-free images are not always available in this region to a point that dense time series are 
impossible to construct. Time lag between acceptable scene acquisitions can reach several months 
or even years, further complicating burn scar detection. In this context, our study aims to address 
the common difficulties encountered by analysts working in mountainous areas who need to deal 
with low image frequencies and several vegetation types coexisting in the same region. We selected 
eleven among the most popular SI widely used for burned area and burn severity assessments and 
analyzed the spectral trajectories of burned and unburned pixels over time in northwest Yunnan’s 
four major vegetation types. The permanence of the spectral signal that characterize burned land 
was assessed following a 1-year temporal sampling design and the SI that better highlight the signal 
were identified at each post-fire year. Our approach can be associated with vegetation recovery 
evaluations because the detectability of the residual signal of burned areas is strictly related to 
vegetation regrowth. The next section explains in detail how we adapted existing conceptual 
frameworks and tailored the metrics to better serve our research question. 

5.2. Data and methods 

5.2.1. Selection of burn / reference plots and sampling methodology 

As mention in section 2.1 of this thesis, official and accurate data about forest fires such as 
location and date are unfortunately not available for our study region. Consequently, the burned 
plots were manually drawn within natural or anthropogenic burned areas (no experimental burns) 
by the means of visual interpretation of Landsat TM scenes and MODIS fire products (MCD45A1 
and MCD64A1) at various dates (http://modis-fire.umd.edu/). Burned plots followed the burned 
area perimeter using particular care in avoiding peripheral pixels to keep the core of the burned 
area. Consequently, shape and size were different among plots. In a first stage, a total of 50 fires 
were identified from Landsat images (path/row 131/042 and 132/041), 25 of which were confirmed 
by the MODIS products. A second round of selection was performed in order to obtain 12 burn 
plots equally representing four dominant land cover classes (3 plots per class). The land cover 
classes were extracted and aggregated from the European Space Agency Climate Change Initiative 
(ESA CCI) Landcover product (https://climate.esa.int/en/projects/land-cover/), and were: 
needleleaved forests, broadleaved forests, shrublands, and grasslands. The basic requirements for 
the 12 final burn plots consisted in having a relatively narrow time lag between the pre-fire and the 
immediate post-fire image dates, and having good quality, 1-year temporal interval Landsat scenes 
in all of the five years following the burn. Images affected by clouds were also considered as long 
as they did not cover the selected burned plots. The final dataset was composed of a 7-images time 
series for each burn plot. The frequent presence of clouds in the study region was the main problem 
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in both selection phases and reduced drastically the number of acceptable burn plots. All Landsat 
scenes were retrieved from the United States Geological Survey EarthExplorer repository 
(https://earthexplorer.usgs.gov/). The scenes were already preprocessed by the provider according 
to Level-2 surface reflectance standards using the Landsat Ecosystem Disturbance Adaptive 
Processing System (LEDAPS) radiometric calibration and atmospheric correction algorithms 
(Vermote et al. 1997). Level-2 images account for most of the artifacts introduced by rugged terrain 
but topographic shades persist in the images. Our tests of existing topographic correction methods 
gave poor results because of the excessive steepness of most of the slopes in the study region. We 
therefore chose to rely on the slight normalizing effect of band ratios, which is used by most of the 
SI, and on the selection of yearly Landsat scenes at same periods of the year, where sun elevation, 
sun azimuth and vegetation phenology are similar. Average fire severity for each burn plot was 
estimated using Delta NBR (dNBR) between the pre-fire and post-fire images. According to the 
burn severity assessment protocol used by the USDA Forest Service (FireMon documentation: 
https://www.fs.fed.us/rm/pubs/rmrs_gtr164/rmrs_gtr164_13_land_assess.pdf), five plots were 
high severity burns, three plots were moderate-high severity burns, two plots were moderate-low 
severity burns, and two plots were low severity burns. A map of the region and location of the 12 
burn plots is shown in Figure 5-1 and additional details are described in Table 5-1. 

Thirty random points (samples) were created inside each burn plot and thirty control points 
of similar land cover classes and similar slope/aspect were created in the near proximity of each 
burn plot, to be used as unburned reference samples. Slope/aspect similarity was considered in 
order to further minimize the bias introduced by topography. Control points were within 4 km 
except for burn plot number 5 for whom, owing to the presence of snow and clouds, suitable sample 
points could be found only 35 km away. In summary, every plot was characterized by a dominant 
land cover class, was composed of 30 burn samples and 30 external unburned samples, and each 
sample was assigned its own land cover class. In total, 720 sample points were used in our analysis. 
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Figure 5-1. Map of northwest Yunnan and location of burn plots. The land cover classes in this map of northwest 
Yunnan have been aggregated from the European Space Agency Climate Change Initiative (ESA CCI) Landcover 
product (reference in the core text, section 5.2.1.), and are represented over a shaded relief layer. Detailed information 
of the 12 burn plots is given in Table 5-1. 
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Table 5-1. Landsat TM time series for the 12 selected burn plots. Locations of the burn plots are indicated with the geographic coordinates of their center, WGS84, 
decimal degrees. ESA LC: land cover class extracted from the European Space Agency Landcover product; DOY: day of year (Julian day); LS_pre, LS_post, 
LS_1, …: Landsat scene date in yyyymmdd format at pre-burn, post-burn, 1,2, … years after burn, respectively. 

Plot ID Lat Long 
ESA 
LC 

Size 
Sq. km 

MODIS 
Year_DOY 

LS_pre LS_post LS_1 LS_2 LS_3 LS_4 LS_5 

Plot_01 27.74 98.69 broad 2.15 2006_007 20051028 20060201 20070220 20080310 20090209 20100212 20110303 
Plot_02 27.54 99.31 broad 1.26  19990214 19990302 20000217 20010118 20020105 20030108 20040111 
Plot_03 27.41 99.02 shrub 0.7 2006_005 20051028 20060201 20070103 20080310 20090209 20100212 20110303 
Plot_04 27.46 99.85 needle 0.74 2005_334 20051113 20060201 20070103 20080310 20090209 20100212 20110303 
Plot_05 26.69 99.12 shrub 7.25 2006_011 20051028 20060201 20070103 20080310 20090209 20100212 20110303 
Plot_06 26.55 100.35 broad 1.1  19980204 19980409 19990223 20000414 20010212 20020303 20030306 
Plot_07 25.87 100.08 shrub 2.08 2003_065 20030218 20030306 20040221 20050207 20060226 20070301 20080216 
Plot_08 25.87 100.77 needle 0.33  20030306 20030509 20040425 20050428 20060517 20070301 20080404 
Plot_09 26.42 100.84 needle 3.43  19950212 19950316 19960302 19970201 19980204 19990223 20000210 
Plot_10 26.11 100.37 grass 2.28  20021029 20030101 20040104 20050106 20060125 20061227 20080216 
Plot_11 26.28 100.44 grass 1.67  20030306 20030322 20040221 20050207 20060226 20070301 20080216 
Plot_12 26.28 100.58 grass 1.44  20030101 20030218 20040104 20050106 20060125 20061227 20080216 
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5.2.2. Description of Spectral Indices and processing 

Among the wide range of existing spectral indices and image transformation techniques 
described in the literature, we selected 11 different approaches developed for the Landsat sensors 
and commonly used for the assessment of burn severity and the extraction of burned areas. SI 
equations were applied to each Landsat scene in the time series (see Table 5-1). Finally, SI values 
from the newly created layers were extracted at the location of each of the 720 sample points. 
All operations were performed using the ENVI software from Harris Geospatial 
(https://www.harris.com/solution/envi/) and QGIS (http://www.qgis.org/). 

SI equations, literature references and all abbreviations used in this section are listed in 
Table 5-2 and in its caption. The following sections describe the selected indices, divided in four 
groups according to the spectral bands used for their design. 

5.2.2.1. SI using visible and near-infrared domains of the electromagnetic spectrum 

One of the most known and widely used spectral indices, NDVI takes advantage of green 
vegetation’s strong absorption of visible red light, in contrast with its high reflection of near-
infrared light. The damage to vegetation caused by fire results in a significant decrease of the 
NDVI. Because of its applicability to a wide range of sensors, including those lacking SWIR 
bands, its simplicity and relatively good performance, NDVI has been used extensively to map 
burned areas, assess burn severity and monitor vegetation recovery (Hudak et al. 2007; Escuin 
et al. 2008; Kennedy et al. 2010; Vogelmann et al. 2012; Schmidt et al. 2015). Similar to NDVI, 
GEMI uses the visible red and near infrared domains but was designed following a non-linear 
approach in an attempt to reduce undesired atmospheric effects. Although its application to burn 
scar detection was mainly done with MODIS and SPOT sensors (Stroppiana et al. 2002; 
Lasaponara 2006; Cao et al. 2009), we decided to include it in our Landsat TM study and 
evaluate its potential. BAI was initially designed for NOAA-AVHRR images in Mediterranean 
environments but has also been tested with Landsat TM (Chuvieco et al. 2002). It focuses on the 
specific spectral signal of charcoal in areas affected by fire and is computed from the spectral 
distance from each pixel to a reference spectral point, where recently burned areas tend to 
converge. Reference reflectance values of the convergence point, set to 0.1 for red and 0.06 for 
NIR, were defined based on literature and several sets of satellite sensor images analyzed by the 
authors (Martin Pilar and Chuvieco 1998). 

5.2.2.2. SI using near-infrared and shortwave infrared domains of the electromagnetic 
spectrum 

Initially designed for burned area extraction, NBR is the most popular spectral index used 
for burn severity assessments with different sensors in several ecosystems around the world. In 
numerous comparative analyses, NBR proved to be one of the most efficient SI (Epting et al. 
2005; Kennedy et al. 2010; Veraverbeke et al. 2010; Harris et al. 2011; Schepers et al. 2014). In 
time series analyses, NBR showed good correlations with field-based composite burn index 



 

72 
 

scores several years after a fire, thus representing an efficient tool for vegetation recovery 
monitoring (Chen et al. 2011; Hislop et al. 2018). Unlike the three previously described SI, NBR 
uses the band pair SWIR and NIR instead of the visible red, which has shown to be sensitive to 
reflectance changes caused by fire. NDMI is very similar to NBR but uses the shorter SWIR 
band instead of the longer one, which has revealed to be equally sensitive to wet/dry content of 
soils and vegetation. However, it has been rarely tested for burned area discrimination 
(Bastarrika, Chuvieco, and Martín 2011; Mazher 2013; Melchiori et al. 2015). BAIML and 
BAIMs are a modified version of the BAI tailored for the MODIS sensors which offer SWIR 
channels, but they are also used with Landsat images (Bastarrika, Chuvieco, and Martín 2011; 
Mazher 2013; Melchiori et al. 2015). Following the same logic as the one defined for BAI, 
convergence point values for NIR and SWIR bands were chosen by their creators based on the 
analysis of MODIS time series, and were set to 0.05 for NIR and 0.2 for SWIR. These values 
were kept unchanged for the long and short versions of the SWIR used by the Landsat TM 
instrument. 

5.2.2.3. SI using different shortwave infrared domains of the electromagnetic spectrum 

Designed for arid savannah and shrub ecosystems, MIRBI combines the two SWIR bands 
because of their better separability in burned areas. Several authors working in these vegetation 
types have reported its good performance, often superior to the widely used NBR and other SI 
(Schepers et al. 2014; Lu et al. 2016). 

5.2.2.4. Image transformation techniques using multiple bands 

The Tasseled Cap Transformation (TassCap) is a conversion of the original image data to 
a new coordinate system with a new set of orthogonal axes by applying different weights to the 
bands. Studies have shown how using TassCap in replacement or in addition to other indices can 
improve the accuracy of the results when detecting fire scars and fire severity (Rogan and Yool 
2001; Mbow et al. 2004; Kennedy et al. 2010; Hislop et al. 2018). The added value of integrating 
TassCap derived indices Brightness, Greenness, and Wetness lies in their integration of a larger 
range of spectral information instead of limited band ratios. The band coefficients for surface 
reflectance of Landsat TM are given by Crist (Crist 1985). 
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Table 5-2. List of spectral indices and image transformation techniques. Blue = visible blue Landsat Thematic 
Mapper (TM) band 1; Green = visible green Landsat TM band 2; Red = visible red Landsat TM band 3; NIR = near 
infrared Landsat TM band 4; sSWIR = shorter shortwave infrared Landsat TM band 5; lSWIR = longer shortwave 
infrared Landsat TM band 7. 

SI full name Abbr. Equation Reference 

Normalized Difference 
Vegetation Index 

NDVI 
𝑅𝑒𝑑 − 𝑁𝐼𝑅

𝑅𝑒𝑑 + 𝑁𝐼𝑅
 (Rouse et al. 1973) 

Global Environmental 
Monitoring Index 

GEMI 

𝛾(1 − 0.25 ∗ 𝛾) −
𝑅𝑒𝑑 − 0.125

1 − 𝑅𝑒𝑑
 

where 

𝛾 =
2(𝑁𝐼𝑅ଶ − 𝑅𝑒𝑑ଶ) + 1.5 ∗ 𝑁𝐼𝑅 + 0.5 ∗ 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 0.5
 

(Pinty and Verstraete 
1992) 

Burn Area Index BAI 1

(0.1 − 𝑅𝑒𝑑)ଶ + (0.06 − 𝑁𝐼𝑅)ଶ
 

(Martin Pilar and 
Chuvieco 1998) 

Normalized Burn Ratio NBR 
𝑁𝐼𝑅 − 𝑙𝑆𝑊𝐼𝑅

𝑁𝐼𝑅 + 𝑙𝑆𝑊𝐼𝑅
 

(López García and 
Caselles 1991; 

Koutsias and Karteris 
2000; Key and Benson 

2006) 

Normalized Difference 
Moisture Index 

NDMI 
𝑁𝐼𝑅 − 𝑠𝑆𝑊𝐼𝑅

𝑁𝐼𝑅 + 𝑠𝑆𝑊𝐼𝑅
 

(Wilson and Sader 
2002) 

Burned Area Index 
Modified 

- LSWIR - 

BAIML 
1

(𝑁𝐼𝑅 − 0.05 ∗ 𝑁𝐼𝑅)ଶ + (𝑙𝑆𝑊𝐼𝑅 − 0.2 ∗ 𝑙𝑆𝑊𝐼𝑅)ଶ
 

(Martín et al. 2006) 

Burned Area Index 
Modified 
- sSWIR - 

BAIMs 
1

(𝑁𝐼𝑅 − 0.05 ∗ 𝑁𝐼𝑅)ଶ + (𝑠𝑆𝑊𝐼𝑅 − 0.2 ∗ 𝑠𝑆𝑊𝐼𝑅)ଶ
 

Mid Infrared Burn 
Index 

MIRBI 10 ∗ 𝑙𝑆𝑊𝐼𝑅 − 9.8 ∗ 𝑠𝑆𝑊𝐼𝑅 + 2 
(Trigg and Flasse 

2001) 

TassCap Brightness BRI 
0.2043 ∗ 𝐵𝑙𝑢𝑒 + 0.4158 ∗ 𝐺𝑟𝑒𝑒𝑛 + 0.5524 ∗ 𝑅𝑒𝑑 

+0.5741 ∗ 𝑁𝐼𝑅 + 0.3124 ∗ 𝑠𝑆𝑊𝐼𝑅 + 0.2303 ∗ 𝑙𝑆𝑊𝐼𝑅 

(Crist and Cicone 
1984; Crist 1985) 

TassCap Greenness GRE −0.1603 ∗ 𝐵𝑙𝑢𝑒 − 0.2819 ∗ 𝐺𝑟𝑒𝑒𝑛 − 0.4934 ∗ 𝑅𝑒𝑑 
+0.794 ∗ 𝑁𝐼𝑅 − 0.0002 ∗ 𝑠𝑆𝑊𝐼𝑅 − 0.1446 ∗ 𝑙𝑆𝑊𝐼𝑅 

TassCap Wetness WET 0.0315 ∗ 𝐵𝑙𝑢𝑒 + 0.2021 ∗ 𝐺𝑟𝑒𝑒𝑛 + 0.3102 ∗ 𝑅𝑒𝑑 
+0.1594 ∗ 𝑁𝐼𝑅 − 0.6806 ∗ 𝑠𝑆𝑊𝐼𝑅 − 0.6109 ∗ 𝑙𝑆𝑊𝐼𝑅 
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5.2.3. Analysis and metrics 

Figure 5-2 illustrates a conceptual model of the different temporal trajectories of burned 
and unburned samples. The proposed model has been adapted from previous models developed 
initially by Key (Key 2006) and then modified by Chompuchan & Lin (Chompuchan and Lin 
2017). We assume that the ecological condition of vegetation, which could be measured by a 
given spectral index, follows a regular pattern through time. In addition to natural seasonal 
fluctuations, the trajectory is also subject to a certain degree of interannual variability driven by 
to multiple factors such as different interannual climate/weather conditions, differences in 
phenological timing, or residual radiometric inaccuracies. Our analysis follows a temporal 
resolution scheme of 1 year, but cloud-free Landsat scenes are rarely available at the same date 
for several consecutive years. For this reason, instead of analyzing the single trajectory of burned 
samples, we decided to compare it with the trajectory of reference unburned pixels of same 
vegetation type. Considering the spectral fluctuations of vegetation not affected by fire gives a 
more realistic picture on the ecological condition of the disturbed vegetation and presents some 
interesting advantages. For example, a simple comparison of solely burned samples at two 
different dates, such as between pre-fire and post-fire, does not account for potential variations 
of vegetation phenology and unusual weather events which may affect the overall vegetation. 
Consequently, an undefined bias in the quantification of change is introduced. According to 
specific purposes, this bias may need to be quantified, especially when working with long-term 
time series (Key 2006; de Carvalho Júnior et al. 2015). Another advantage of this approach lies 
on the possibility to analyze differences in the pre-fire condition of burned and unburned 
vegetation, illustrated in Figure 5-2 as the distance 𝑡௕௨௥௡ 

଴ − 𝑡௥௘௙
଴ . However, this is not the focus 

of the present study. 

According to the conceptual model (Figure 5-2), the physical effect of burning on 
vegetation will result in an abrupt deviation from the regular trajectory, reaching the maximum 
distance short time after the fire or, if a delayed vegetation mortality effect exists, several months 
or years after the fire (Key 2006; Chompuchan and Lin 2017). This distance corresponds to the 
magnitude of maximum severity and is quantified as 𝑡௕௨௥௡

௠ −𝑡௥௘௙
௠ . At any time after the point of 

maximum severity, residual severity can be calculated using the distance 𝑡௕௨௥௡
௔ −𝑡௥௘௙

௔ . 
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Figure 5-2. Temporal trajectories of burned and unburned vegetation. This conceptual model represents the effect 
of fire on vegetation as well as severity and recovery patterns. Spectral Indices serve as proxies to represent the 
ecological condition of the vegetation. Modified and adapted from Key (2006) and Chompuchan and Lin (2017). 

In this chapter of the thesis, the capabilities of the previously described SI to detect burned 
areas at several dates after the fire events were evaluated and compared using the following three 
approaches: 

• Visual analysis of temporal plots of the SI 
Using Figure 5-2 as a model, temporal trajectories of each SI were plotted to visually 
analyze the spectral response of vegetation after a fire event, compared to unburned 
reference samples. This kind of graphic representation allows for a quick preliminary 
assessment of SI behavior and fire disturbance patterns. Specifically, the trajectories of 
burned and unburned samples show the effect of fire and the natural temporal fluctuation 
of unburned vegetation. Maximum severity and the existence of a delayed mortality effect 
can be identified. Moreover, recovery and residual severity dynamics can be followed 
along the timeline. 

• Analysis of burned-unburned separability capabilities of SI, the M-statistic 
The ability of each SI to separate burned from unburned pixels can be compared using 
statistical metrics that quantify the spectral distance between two distributions. The M-
statistic is a measure of class separability defined by Kaufman and Remer (Kaufman and 
Remer 1994) as the difference between the means (μ) of two classes normalized by the 
sum of their standard deviations (σ). It can be interpreted as a signal-to noise-ratio, where 
the distance of the means represents the signal while the sum of the standard deviations 
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represents the noise. This metric has been previously used in several studies related to 
burned area discrimination (Lasaponara 2006; Smith et al. 2007; Libonati et al. 2011; 
Melchiori et al. 2015). The M-statistic is expressed as: 

𝑀 =
(𝜇ଵ − 𝜇ଶ)

(𝜎ଵ + 𝜎ଶ)
 

A value of M > 1.0 indicates good separation between the burned and the unburned classes, 
while M < 1 indicates poorer separation, given by closer means and/or larger standard deviations. 
Figure 5-3 shows a graphic representation of a burned area and the M value a pre-fire and several 
post-fire dates. 

 

Figure 5-3. Burned vs. unburned class distributions for the NDVI at pre-fire, post-fire, and 1, 2, 5 years after 
fire. An example of burn scar with corresponding burn and control sample points, as well as the M-statistic results 
are illustrated. 

• SI enhancement of residual severity 
Recovery and residual severity can be quantified by dividing their magnitudes at a given 

post-fire date with the magnitude of the disturbance at the time of maximum severity. This 
concept has been used by Lin et al. (2004) to assess vegetation recovery after a landslide. The 
authors defined the Vegetation Recovery Rate which uses NDVI as input. The same structure 
was adopted by Chompuchan and Lin (2017) to assess recovery after fire disturbances, but NDVI 
was replaced with NBR. We adapted this methodology to compare the capabilities of each 
selected SI to enhance residual severity at several post-fire dates. Our adjustments consist in the 
quantification of the residual severity instead of the recovery (see Figure 5-2), and the use of SI 
values of unburned plots as a reference for healthy vegetation instead of pre-fire values of burned 
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samples. We name this metric Residual Severity Ratio (RSR), and using the terminology 
presented in Figure 5-2, we define it as the ratio between Residual Severity and Maximum 
Severity. RSR is expressed with the following equation: 

𝑅𝑆𝑅ௌூ =
𝑆𝐼(𝑡௕௨௥௡

௔ ) − 𝑆𝐼൫𝑡௥௘௙
௔ ൯

𝑆𝐼(𝑡௕௨௥௡
௠ ) − 𝑆𝐼൫𝑡௥௘௙

௠ ൯
 

RSR values close to 1, indicate low recovery from the stage of maximum severity and may 
indicate that an SI shows good capabilities to enhance residual severity. However, when 
interpreting this metric, particular attention should be given to the pattern of the SI trajectories 
of the burned and the unburned classes displayed on the graphic plots and to the separation 
capabilities of the SI at the time of maximum severity. 

Following the three approaches mentioned above, the analysis was initially performed on 
the overall dataset, using the mean of all samples of all fires. To investigate possible differences 
in SI responses between the four dominant ecosystems in northwest Yunnan, sample points were 
aggregated according to their vegetation class, and the same analysis was performed. 

5.3. Results and discussion 

5.3.1. Spectral indices’ general response to fire in northwest Yunnan 

A comprehensive representation of the temporal trajectories of the 11 SI is illustrated in 
Figure 5-4. Most of the SI present similar response patterns following fire, with a pronounced 
deviation right after the fire (point of maximum severity), a relatively fast recovery during the 
first year after the fire, and a slow recovery during the following years. Visually, all SI except 
the TassCap Wetness show a well-marked response at the immediate post-fire assessment which 
confirms their wide employment for burn severity evaluation. However, a less sharp recovery 
slope following the maximum severity point suggests that NDMI and NBR could better enhance 
residual severity than the other SI several years after the fire, while MIRBI appears to be the 
least performant. The observation of the graphic plots also reveals singular behaviors of 
Brightness and Wetness. The former has a similar response than the other indices right after fire: 
the effect of burning on the biomass and the deposit of ash and charcoal significantly decrease 
the values of Brightness. Though, this effect seems to last very shortly. In fact, one year after the 
fire, the index’s values increase drastically, becoming higher than those of unburned vegetation 
(reference and burned lines crossed). This is probably an effect of the rainy season washing away 
dark deposits of ash and charcoal and exposing bare soil, while new green matter (leaves, grass, 
etc.) has not had the time to recover properly. The Wetness index follows a different pattern. The 
immediate effect of burn seems to have only a slight decreasing effect on Wetness values, but 
the magnitude of this effect grows in the following years, showing a clear difference from the 
unburned vegetation. This suggests that the long-term effects of fire on vegetation include a 
decrease of moisture content in the affected site in favor of more arid conditions, which, together 
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with post-fire climate conditions, may affect vegetation regrowth dynamics several years after 
the fire (Meng et al. 2015). 

 

Figure 5-4. Spectral Indices’ trajectories over time: pre- and post-fire, and 1, 2, 3, 4, and 5 years following the fire. 
The plots represent the SI mean values for the burned and the reference samples of the whole dataset. 

The results of separability and residual severity assessments are shown in Table 5-3. 
According to the ideal value of M > 1, the separability values are in general not very optimal. At 
the first post-fire assessment, only MIRBI, Greenness, BAI, and GEMI obtained M values higher 
than 1. However, if we compare post-fire M values with the pre-fire ones, NBR and NDVI still 
show a significant difference (pre-fire M: 0.07 and 0.05, post-fire M: 0.88 and 0.82, respectively). 
Brightness and Wetness appear to be the less suitable for burned area mapping shortly after fire. 
These results do not necessarily mean that the indices cannot detect burned areas, but that relying 
on a static threshold to separate burned from unburned patches may be subject to a higher rate 
of error. It must be noted that these results are based on the average values of all burn plots which, 
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taken individually, have different time lags between pre-fire and immediate post-fire images and 
include different vegetation types (see Table 5-1). The influence of time lag and vegetation type 
on the quality of post-fire assessments by the SI has been pointed out in numerous research 
results (Loboda et al. 2007; Picotte and Robertson 2011; Parker et al. 2015). Although several 
comparative studies mentioned in the introduction recognize NBR as the best SI for immediate 
post-fire assessment, our results found that MIRBI has the greatest separability capabilities, as 
confirmed by Lu et al. (Lu et al. 2016). However, starting from 1 year after the fire, separability 
radically decreases for the four best performers mentioned before, while NBR, NDMI, NDVI, 
BAIML, and BAIMs proved to be more resistant. Among them, NBR, NDMI, and BAIML are 
the three best performers in all five post-fire years. In terms of RSR and as shown in the graphic 
plots, NDMI is the most suitable SI to enhance the residual severity several years after fire, even 
if its separability potential decreases. NDVI shows good RSR at 1 and 2 years after fire, while 
Brightness takes over at 3, 4, and 5 years after fire. Nevertheless, the separability capability of 
Brightness at these time frames remains poor. The case of Wetness needs further clarification. 
Maximum severity and best separability of Wetness, albeit rather poor, is reached at the 3rd post-
fire year. The trajectory of the burned samples, as showed in the graphic plot, indicates that the 
biggest shift from unburned samples appears at the 1 year post-fire assessment. Afterwards, RSR 
remains relatively stable, which explains the resulting high values. The meaning of this pattern 
is that the perturbations in Wetness caused by fire persists for a few years before the recovery 
phase begins. The graphic plots and RSR also indicate that, except for the Wetness index whose 
trajectory reveals persisting moisture stress, no delayed mortality effect seem to exist regarding 
fire disturbance in northwest Yunnan. Maximum severity appears always at the immediate post-
fire assessment (MS value in Table 5-3). 
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Table 5-3. Separability index (M-statistic) and Residual Severity Ratio (RSR) for the 11 SI. Highlighted cells 
indicate the three best performers at the given post-fire time in the following rank/color order: 1st, 2nd, 3rd. Pre-
fire M-statistic values are shown as reference. MS = maximum severity from which RSR is calculated. Negative 
values of RSR indicate that the trajectory of the burned class crossed the trajectory of the unburned control class. 

5.3.2. Spectral indices’ response to fire by vegetation type 

The four main vegetation types of northwest Yunnan react differently to fire and show 
dissimilar recovery patterns. These patterns can be observed in the SI trajectories and can be 
quantified by comparing the values of M-statistic and RSR between vegetation types. The 
temporal trajectories of burned and unburned samples for the four major vegetation classes in 
NWY are represented in Figure 5-5. Among them, we can notice that needleleaved and 
broadleaved forests tend to recover slower than shrublands and grasslands. This pattern is found 
in all the SI. Grasslands samples are characterized by burned and unburned trajectories that 
quickly converge after 1 year. Recovery of shrublands seems to be a little slower than grasslands, 
with some residual severity visible at 1 year post-fire in NDMI, NBR, NDVI, Brightness and 
Wetness. A particular behavior is observed in the shrublands graphic plots. At the 1 year post-
fire assessment, the trajectory of unburned pixels shows an important shift similar but not as 
severe as the burned samples (GEMI, NBR, NDVI, Greenness, Wetness, NDMI). A valid 
explanation lies in the dates of burn of the shrub burn plots. As shown in Table 5-1, two of the 
three plots were burned during the dry season between 2005 and 2006, which is described as one 
of the most severe droughts in Yunnan and other regions of China in the last 50 years (Cheng 
and Xie 2008). This extreme climate conditions had a significant impact on vegetation and soils, 
such as pronounced decreases in moisture content and primary productivity, which are visible in 
the SI. The trajectories show that the unburned vegetation remains under stress for several years 
after the drought event, while the burned trajectory joins the unburned one after a few years. This 
suggests that the shrubs have recovered quickly from the fire, but they are still under stress from 
the general drought condition, showing similar absolute values of SI. Another isolated behavior 

M-statistic - All fire plots (mean) RSR - All fire plots (mean) 
 pre post 1y 2y 3y 4y 5y post 1y 2y 3y 4y 5y 

BAI 0.08 1.12 0.28 0.28 0.16 0.17 0.15 MS 0.21 0.17 0.10 0.09 0.08 

GEMI 0.12 1.08 0.35 0.30 0.20 0.18 0.16 MS 0.36 0.31 0.21 0.19 0.16 

NBR 0.07 0.88 0.60 0.55 0.53 0.48 0.39 MS 0.59 0.52 0.49 0.48 0.38 

NDVI 0.05 0.82 0.49 0.43 0.37 0.34 0.28 MS 0.60 0.53 0.46 0.46 0.36 

BRI 0.03 0.39 0.13 0.14 0.16 0.16 0.14 MS -0.39 -0.37 -0.50 -0.49 -0.39 

GRE 0.12 1.24 0.36 0.34 0.23 0.23 0.20 MS 0.38 0.33 0.24 0.22 0.18 

WET 0.05 0.11 0.31 0.36 0.37 0.36 0.29 0.32 0.93 0.95 MS 0.98 0.78 

BAIML 0.13 0.74 0.50 0.47 0.40 0.43 0.32 MS 0.31 0.20 0.15 0.16 0.11 

BAIMs 0.09 0.75 0.41 0.34 0.27 0.31 0.23 MS 0.36 0.23 0.17 0.18 0.14 

MIRBI 0.12 1.29 0.20 0.07 0.06 0.07 0.03 MS 0.20 0.06 -0.06 -0.06 -0.03 

NDMI 0.04 0.64 0.55 0.54 0.54 0.51 0.38 MS 0.77 0.73 0.72 0.71 0.55 
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is found in BAIMs which is the only SI to detect a delayed mortality effect at the 1 year post-
fire assessment in needleleaved vegetation. The peculiarity of BAIMs is its combined use of the 
near infrared and the shorter shortwave infrared bands of the Landsat TM sensor, an approach 
also adopted by the NDMI. The latter, although not showing a delayed mortality effect in needle 
leaved forest, tends to remain stable between the post-fire and the 1 year assessment compared 
to the other SI. Such a pattern may reveal higher sensitivity of BAIMs and NDMI for the 
detection of delayed mortality. Finally, the Wetness index draws an unusual trajectory in 
grassland vegetation. Instead of decreasing constantly after the fire like in other vegetation 
classes, it increases slightly at the immediate post-fire assessment and rapidly rejoins the same 
conditions as the unburned grass. A possible explanation for this distinct behavior could be that 
fire boosts recovery of grassland by eliminating dead plant material, competing weeds and small 
shrubs. Furthermore, with adequate soil moisture conditions, the darkening effect of fire 
increases soil surface temperature, stimulating earlier growth (Stubbendieck et al. 2007). In 
support to this hypothesis, the values of Brightness in grasslands fall drastically in this time 
frame compared to other vegetation types. 

More precise information is given by the M-statistic and RSR results shown in Table 5-4. 
At the immediate post-fire assessment, MIRBI, GEMI, Greenness and BAI have very good 
separability (M > 1) in all vegetation types. NBR follows with good separability in three 
vegetation types (M lower than 1 in broadleaved forest only) and NDVI in two vegetation types 
(M lower than 1 in shrubland and grassland). Brightness proves good separability in grassland 
(M = 1.18) but very poor separability in other vegetation types. Overall, the best separability is 
found in needleleaved forest, with all SI having M values above 1 at the immediate post-fire 
assessment, except for BAIML, BAIMs, Brightness, and Wetness. The last one tends to respond 
to fire later than other indices, as a result of decreased biomass and gradual loss of moisture 
content in soils some years after a fire event (Rogan and Yool 2001). The colored highlights in 
Table 5-4 clearly tell us that, in all vegetation types and in most of the post-fire dates, NBR and 
NDMI score among the three best performers in both separability and enhancement of residual 
severity capabilities. Slightly lower scores are observed in grassland and shrubs ecosystems, 
where at some dates other SI such as MIRBI and Wetness performed similarly or better. 
Moreover, NDVI, which is normally used as an indicator of general vegetation condition, 
obtained separability and RSR scores comparable to the best index in broadleaved and 
needleleaved forests. RSR values are in general higher in needleleaved and broadleaved forests 
than it is in shrublands and grasslands, indicating slower recovery and longer persistence of fire 
scars. Except for NDMI that quantifies RSR at 63% (0.63) with the highest separability (M = 
0.40) 1 year after the burn, all other indices perform significantly worse in grass-dominated 
landscapes, and from 2 years after the burn, scars are almost undistinguishable by any SI. A 
similar tendency though less pronounced is observable in shrubland ecosystems. 

  



 

82 
 

 

Figure 5-5. Temporal trajectories for 11 spectral indices in four major vegetation types in northwest Yunnan. 
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Table 5-4. Separability index (M-statistic) and Residual Severity Ratio (RSR) for the 11 SI in the four major 
vegetation types of northwest Yunnan. Highlighted cells indicate the three best performers at the given post-fire 
time in the following rank/color order: 1st, 2nd, 3rd. Pre-fire M-statistic values are shown as reference. MS = 
maximum severity from which RSR is calculated. Negative values of RSR indicate that the trajectory of the burned 
class crossed the trajectory of the unburned control class. 

  M-Statistic Residual Burn Ratio 

  Post 1y 2y 3y 4y 5y Post 1y 2y 3y 4y 5y 

C
on

if
er
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s 

N
ee

dl
el

ea
ve

d 
F

or
es

t 

BAI 1.13 0.70 0.55 0.38 0.43 0.33 MS 0.65 0.41 0.32 0.29 0.24 
GEMI 1.11 0.56 0.42 0.30 0.31 0.24 MS 0.57 0.41 0.33 0.31 0.24 
NBR 1.32 1.12 1.13 1.05 0.97 0.81 MS 0.79 0.67 0.63 0.67 0.53 
NDVI 1.36 0.82 0.78 0.88 0.87 0.61 MS 0.72 0.64 0.58 0.63 0.43 
BRI 0.26 0.16 0.29 0.30 0.36 0.25 −0.69 0.44 0.81 0.91 MS 0.70 
GRE 1.27 0.63 0.54 0.36 0.41 0.34 MS 0.63 0.50 0.39 0.39 0.30 
WET 0.48 0.71 0.70 0.74 0.75 0.70 0.58 0.94 0.92 0.95 MS 0.82 

BAIML 0.75 0.85 0.98 0.77 0.85 0.70 MS 0.78 0.47 0.43 0.46 0.35 
BAIMs 0.75 0.82 0.87 0.66 0.74 0.60 0.87 MS 0.63 0.59 0.59 0.51 
MIRBI 1.31 0.39 0.26 0.06 0.09 0.04 MS 0.35 0.22 0.06 0.08 0.03 
NDMI 1.09 1.10 0.98 0.99 0.92 0.78 MS 0.96 0.81 0.80 0.84 0.68 

B
ro

ad
le

av
ed

 F
or

es
t 

BAI 1.09 0.46 0.53 0.29 0.27 0.26 MS 0.32 0.31 0.17 0.15 0.15 
GEMI 1.13 0.59 0.60 0.39 0.34 0.35 MS 0.52 0.63 0.45 0.39 0.37 
NBR 0.81 0.81 0.76 0.88 0.69 0.60 MS 0.81 0.81 0.81 0.74 0.59 
NDVI 1.13 0.77 0.81 0.78 0.74 0.71 MS 0.75 0.76 0.64 0.61 0.57 
BRI 0.30 0.21 0.09 0.17 0.20 0.17 MS −0.69 −0.32 −0.72 −0.79 −0.63 
GRE 1.27 0.68 0.71 0.47 0.43 0.43 MS 0.58 0.66 0.49 0.43 0.41 
WET 0.21 0.39 0.44 0.50 0.45 0.38 0.41 0.84 0.84 MS 0.94 0.74 

BAIML 0.75 0.73 0.72 0.77 0.73 0.59 MS 0.51 0.35 0.25 0.23 0.15 
BAIMs 0.77 0.64 0.56 0.50 0.52 0.34 MS 0.54 0.40 0.25 0.23 0.15 
MIRBI 1.07 0.41 0.34 0.09 0.03 0.06 MS 0.37 0.30 0.10 0.03 0.05 
NDMI 0.64 0.73 0.77 0.81 0.69 0.55 0.94 0.93 0.99 MS 0.94 0.74 

S
hr

ub
la

nd
 

BAI 1.02 0.00 0.00 0.09 0.11 0.11 MS 0.00 0.00 −0.04 −0.05 −0.05 
GEMI 1.00 0.23 0.11 0.01 0.05 0.07 MS 0.23 0.10 0.01 −0.05 −0.06 
NBR 1.02 0.49 0.38 0.29 0.22 0.15 MS 0.48 0.34 0.26 0.20 0.13 
NDVI 0.71 0.32 0.22 0.14 0.05 0.03 MS 0.45 0.32 0.20 0.07 0.05 
BRI 0.44 0.20 0.20 0.20 0.17 0.17 MS −0.47 −0.41 −0.46 −0.37 −0.34 
GRE 1.15 0.25 0.12 0.02 0.05 0.05 MS 0.25 0.11 0.02 −0.04 −0.05 
WET 0.08 0.34 0.42 0.32 0.30 0.23 0.24 MS 0.98 0.84 0.82 0.57 

BAIML 0.77 0.32 0.24 0.10 0.09 0.01 MS 0.14 0.08 0.02 0.02 0.00 
BAIMs 0.78 0.17 0.03 0.05 0.06 0.09 MS 0.10 0.01 −0.02 −0.02 −0.04 
MIRBI 1.42 0.21 0.11 0.24 0.30 0.18 MS 0.16 −0.06 −0.15 −0.18 −0.09 
NDMI 0.69 0.43 0.42 0.34 0.29 0.17 MS 0.65 0.58 0.46 0.42 0.24 

G
ra

ss
la

nd
 

BAI 1.90 0.05 0.11 0.08 0.15 0.17 MS 0.02 0.05 0.03 0.05 0.06 
GEMI 1.54 0.13 0.07 0.04 0.04 0.07 MS −0.10 −0.06 −0.03 0.03 0.04 
NBR 1.12 0.37 0.32 0.21 0.07 0.04 MS −0.28 −0.23 −0.14 −0.07 −0.03 
NDVI 0.72 0.12 0.13 0.06 0.00 0.05 MS −0.17 −0.19 −0.08 0.00 0.05 
BRI 1.18 0.03 0.07 0.03 0.09 0.05 MS 0.04 0.08 0.04 0.09 0.04 
GRE 1.69 0.22 0.15 0.09 0.05 0.01 MS −0.21 −0.12 −0.07 0.04 0.01 
WET 0.47 0.16 0.10 0.04 0.06 0.04 MS 0.43 0.24 0.10 0.14 0.09 

BAIML 0.87 0.17 0.12 0.09 0.05 0.01 MS −0.05 −0.04 −0.02 0.01 0.00 
BAIMs 0.91 0.11 0.03 0.05 0.06 0.07 MS −0.05 −0.01 −0.02 0.02 0.03 
MIRBI 1.94 0.02 0.15 0.20 0.11 0.01 MS −0.01 −0.11 −0.14 −0.07 −0.01 
NDMI 0.57 0.40 0.19 0.04 0.01 0.01 MS −0.63 −0.29 −0.05 0.02 −0.01 
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The interpretation of the performance of Brightness, especially regarding RSR values 
which are often higher than other SI, is prone to confusion. First, it is important to note that its 
separability abilities are quite low in all land cover types and at any post-fire date, except for a 
noticeable M = 1.10 in grassland at the immediate post-fire assessment. Second, abrupt shifts of 
the burn trajectory versus the unburned reference trajectory as indicated by RSR negative values 
call for particular caution and require further clarification. At the 1 year post-fire assessment, the 
trajectory of burned samples shifts to values higher than the unburned trajectory in most of the 
vegetation classes. In the following years, the two trajectories progress almost in parallel with 
small variations of both reference and burned samples. These variations coupled with the smaller 
spectral distance at the immediate post-burn assessment (initial maximum severity point) explain 
the inflated RSR values. In other words, the RSR of Brightness could highlight a persistent 
disturbed status of the vegetation, however, the M-statistic values being relatively low indicate 
high overlap between burned and unburned pixels. These results advise against the employment 
of Brightness for burned area mapping without other supporting tools. 

5.3.3. Summary of results: which spectral indices should we chose? 

Our results in a mountainous region characterized by frequent small fires and a fast-
recovering vegetation promoted by abundant summer rains shows that all spectral indices are 
valid tools to separate burned from unburned vegetation at the immediate post-fire assessment, 
except for Wetness and Brightness that follow different patterns. Among them, MIRBI, BAI, 
and Greenness are the best when averaging all vegetation types, while NDVI and NBR get better 
scores in isolated vegetation types. Other studies obtained similar results, e.g., better 
discrimination capabilities of BAI (Chuvieco et al. 2002; Schepers et al. 2014; Liu et al. 2016), 
Greenness (Rogan and Yool 2001; Loboda et al. 2013), or MIRBI in shrub-savannah ecosystems 
(Trigg and Flasse 2001; Melchiori et al. 2015; Lu et al. 2016). Although NBR is often considered 
the best SI for burned area mapping short time after fire and therefore widely used for burn 
severity assessments (Epting et al. 2005; Escuin et al. 2008; Veraverbeke et al. 2010; Harris et 
al. 2011; Schepers et al. 2014; Melchiori et al. 2015; Hislop et al. 2018), our results 
demonstrated that in certain vegetation types other SI would offer a better option. The limitations 
of NBR for immediate post-fire assessment were already pointed out by Roy et al. (Roy et al. 
2006). 

From one year after the fire events, burned areas in shrublands and grasslands are very 
difficult to discriminate. Despite low discrimination capabilities, NDMI and NBR are the best 
choice, while Wetness could offer a valuable support in shrublands starting from two years after 
the fires. In more vegetated areas such as broadleaved and needleleaved forests, fire scars are 
more persistent and NBR has often shown to perform better than in sparsely vegetated land 
(French et al. 2008; Veraverbeke et al. 2011). From one to five years after the fire, the best SI 
are NBR and NDMI, followed by NDVI in broadleaved vegetation and BAIML in needle leaved 
vegetation. Brightness and Wetness have lower separability capabilities but can be useful to 
analyze residual severity and recovery. The other SI analyzed in this study performed 
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consistently worse and proved to be less suitable for long term monitoring of fire disturbance. 
The spectral response of BAI strongly depends on the persistence of charcoal deposits (Chuvieco 
et al. 2002). Both of its modified versions, which were initially designed for the MODIS sensor, 
could not reach the same performance as the best SI, as also found by (Melchiori et al. 2015), 
and therefore represent a second choice for long term monitoring of post-fire vegetation 
recovery. The spectral behavior of GEMI is similar to Greenness but results of metrics are almost 
always worse. Finally, MIRBI resulted very unsuitable for long term burned area detection. 

Our results are in line with recent studies on SI capabilities for mapping vegetation 
recovery, which found that the SI that integrated the shortwave infrared domain of the 
electromagnetic spectrum such as NBR, NDMI, and Wetness are more suitable for long term 
vegetation recovery, while indices relying on visible and near-infrared domains were more 
suitable for immediate post-fire assessment (Chen et al. 2011; Lozano et al. 2012; Pickell et al. 
2016; Hislop et al. 2018). Our graphic plots show that this is particularly true in less vegetated 
ecosystems (shrubs, grass). However, we also found that NDVI is as robust as NBR and NDMI 
in broadleaved forest several years after fire. 

Finally, it is important to note that M-statistic and RSR only quantify separability between 
burned and unburned samples and residual severity magnitude. These metrics do not quantify 
the quality of burned area mapping. Further analysis of the mapping capabilities of SI should 
include change detection and classification methodologies with detailed accuracy assessments 
quantifying omission and commission errors. Moreover, to improve our knowledge of fire in 
mountainous regions, additional research on burned area detectability by SI in different 
slope/aspect and hill shading conditions as well as their capabilities to discriminate fire 
disturbances from other types of change is highly suggested. 

5.4. Chapter conclusions 

The wide-ranging amount of literature on Landsat spectral indices performance for the 
detection of burned areas suggests that there is no unique model that over performs the others in 
any spatiotemporal circumstances. Instead, different vegetation types and different time lags 
between image acquisition dates greatly influence the spectral indices behavior. In this study, 
the spectral trajectories of eleven among the most common spectral indices widely employed in 
burned area extraction have been analyzed in four major vegetation types in a mountainous area 
of northwest Yunnan, China. As previous literature suggested, two main performance variability 
patterns can be highlighted. First, a temporal pattern: significant performance differences were 
observed between immediate post-fire assessment and from one to several years after fire. 
Second, a vegetation type pattern: a clear difference between more vegetated (needleleaved and 
broadleaved forest) versus less vegetated landscapes (shrublands and grasslands) exists. 
Therefore, in order to optimize accuracy of burned area detection algorithms, the best spectral 
indices should be selected accordingly. In general, when time lag is short (< 1 year), MIRBI and 
the Tasseled Cap Greenness are the most suitable indices, followed by the BAI. When time lag 
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is longer (>1 year), NBR and NDMI are the most suitable to detect residual severity and more 
realistically track vegetation recovery. However, fire scars in grassland ecosystems are almost 
undetectable by any spectral index after one growing season. The Tasseled Cap Wetness revealed 
to be very useful for monitoring long-term residual severity starting from 2 years after a fire. 

Delicate mountain ecosystems are particularly sensitive to climate variations which, 
together with patchy land cover, frequent clouds, and relatively fast vegetation regeneration, 
make it challenging to systematically extract burned areas and assess impacts and recovery. To 
better isolate fire disturbance from the overall variation of the vegetation’s ecological condition, 
we designed a conceptual model that relativizes the spectral response of burned pixels by 
integrating the spectral response of unburned pixels. The metrics used to quantify class 
separability (M-statistic) and magnitude of residual severity (RSR), were adapted to this model. 
The high inter-annual variability of unburned vegetation observed in the resulting graphic plots 
confirms the validity of this approach. Therefore, relying solely on the pre-fire condition of the 
burned vegetation to assess recovery, may introduce bias coming from other disturbances. 
Instead, keeping track of general vegetation conditions over time allows for the identification of 
other environmental factors influencing recovery, such as general drought. Thus, this approach 
is particularly suitable to assess vegetation vulnerability to fire under changing climate and 
weather conditions. 
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6. Building a fire extraction routine for mountain’s complex 
landscapes 

The content of this chapter is based on the following publication. However, a few 
adaptations and updates have been added. 

Fornacca D, Ren G, Xiao W (2020) Small fires, frequent clouds, rugged terrain, and no 
training data: a methodology to reconstruct fire history in complex landscapes. International 
Journal of Wildland Fire. https://doi.org/10.1071/WF20072. 

Abstract: To understand current regional fire regimes, we need accurate statistics of historical 
fire events spanning over several decades, including at least the number of fires, their location, 
and area burned. Satellite images from the Landsat missions offer a unique opportunity to 
reconstruct land surface dynamics in almost any region of the world, especially where this 
knowledge is missing, such as in remote mountainous areas. The task of extracting burned scars 
in these regions in a systematic and automated way presents several difficulties. Using the 
mountainous region of northwest Yunnan in China as a test area, we developed an automated 
burned area extraction routine based on the Landsat archive which attempts to overcome these 
issues, in particular the inexistence of burned samples to use for training and testing, the rugged 
relief, and the constant presence of clouds during the rainy season which highly affects the 
availability of usable scenes within a year. The algorithm flows through five phases: creation of 
standardized difference vegetation indices time-series; automatic extraction of multi-class 
training areas using adaptive z-score thresholds; Random Forests classification; Seeded Region 
Growing, and spatiotemporal clustering to form coherent burn multi-polygons. A final product 
of fire events spanning the period 1987-2018 is created. Accuracy assessment of location and 
number of fire polygons using a stratified random sampling design shows satisfying results with 
reduced omission (20%) and commission (22%) errors compared to global fire products in the 
same region. Pixel-level accuracy of single fire events showed a minimization of commission 
(13%) at the expense of higher omission (27%). This routine represents a step forward for the 
integration of small fires in multi-scale assessments of their environmental impacts. 

Keywords: Landsat, adaptive thresholds, time-series normalization, fire events, mountainous 
area, training data 
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6.1. Introduction 

As mentioned several times in the present document, the poor or restricted availability of 
accurate environmental and socio-economic data for knowledge-building processes is a common 
barrier encountered by researchers, especially those focusing on remote, mountainous, and less 
populated areas of the world (Schneiderbauer et al. 2007; Mouillot et al. 2014). Earth 
Observations provide repeated synoptic views of our planet and can partially fill spatiotemporal 
information gaps in a very efficient way. In particular, the availability of long-term time-series 
images from the Landsat satellite missions offers great opportunities for the development of all 
sorts of Earth Observation applications. Thanks to its continuous, near-global coverage from the 
mid-1970s to the present date, it is now possible to reconstruct the recent history of land surface 
dynamics in locations where this knowledge has been out of reach, because limited by physical 
and environmental constraints or not available to the public (Wulder et al. 2012, 2019; He et al. 
2018; Zhu et al. 2019). Mountainous landscapes are among these regions of difficult access that 
can significantly benefit from remote sensing technology. However, mainly owing to the rugged 
topography and heterogeneous landscape, the extraction of information from satellite images in 
these regions presents specific challenges requiring particular attention from the analyst, who 
will need to adapt ordinary processing routines and develop new ones (Mulders 2001; Heinimann 
et al. 2003; Schneiderbauer et al. 2007; Yang et al. 2007; Ren et al. 2009; Weiss and Walsh 
2009; Ward et al. 2011; Zhang et al. 2014). 

Several time-series land change detection methodologies have been applied to burned area 
mapping, such as the Burned Area Mapping Software (BAMS) (Bastarrika et al. 2014), the 
Composite2Change (C2C) (Hermosilla et al. 2015), the Landsat-based detection of Trends and 
Recovery (LandTrendr) (Kennedy et al. 2010), or the Vegetation Change Tracker (VCT) (Huang 
et al. 2010). A review of these approaches and many others can be found in (Gómez et al. 2016; 
Meng and Zhao 2017; Zhu 2017; Chuvieco et al. 2019). However, when considering the 
application of these existing solutions for mountainous regions, several complications arose. 
Among major shortcomings we found that models based on dense time-series (i.e. more than one 
Landsat scene per year) or gap-fill approaches such as Best Available Pixel (BAP) are not 
applicable in NWY because of the heavy presence of clouds in most of the scenes within a year. 
On the other hand, methodologies based on too large time-lag in the time-series (more than 1 
year) are also not suitable because of fast post-fire vegetation recovery. Other approaches have 
been designed for satellite sensors not relevant to this region, and most of them rely on existing 
ground data to train and tune the algorithms, which in several regions of the world are not 
available. 

To improve the regional discrimination of burned land, some authors proposed ecosystem 
specific algorithms adapted to medium to coarse resolution sensors. For example, Bastarrika, 
Chuvieco, and Martin (2011) developed a new automatic burned area mapping algorithm based 
on MODIS time series for the Mediterranean ecosystem, obtaining higher accuracy (kappa = 
0.846) and a lower omission error (17.1%) than the standard MCD45 product (kappa = 0.704, 
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omission error = 38.6%). Chuvieco, Englefield, et al. (2008) produced a 23-years long time 
series of burned land using 10-day composites of NOAA-AVHRR data in boreal forests; Merino-
de-Miguel et al. (2010) used MODIS products in Galicia; while other studies employed MODIS 
products in western United States, Latin America, and northeast China (Fraser et al. 2000; 
Chuvieco, Opazo, et al. 2008; Urbanski et al. 2009; Yang et al. 2013). 

Learning from the reviewed approaches, we describe here a methodology for the 
systematic reconstruction of burn history (a database of fire events including location and time) 
and extraction of burned areas (area of each fire event), which addresses the issues and 
requirements of remote, mountainous areas. The specific challenges and the line of action chosen 
to tackle them are described in the next section. Afterwards, the different components of the 
proposed solution are explained, while the results section provides accuracy metrics for two 
different assessment methods that are then extensively discussed. The conclusion section 
summarizes the findings and drafts future development plans. Although the resulting solution is 
tested in northwest Yunnan, researchers working in areas with similar difficulties can implement 
some of the approaches and finally fill those data gaps that prevent the advancement of their 
research. 

6.2. Challenges and potential solutions for burned area extraction in the 
complex landscapes of northwest Yunnan 

In this section, we review the particular issues of remote sensing in the case of the 
systematic extraction of past burn scars in regions characterized by complex landscapes. For 
each of them, we propose a potential solution or at least a way to adapt to each of these obstacles. 
A summary of the problems and solutions is shown in Figure 6-1. 
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Figure 6-1. Summary of remote sensing of burned areas difficulties encountered in regions characterized by 
complex landscapes and no training data, and proposed solutions / adaptations. 

6.2.1. Rugged topography 

When modeling mountainous environments on 2-dimensional surfaces, important 
distortions are inevitably introduced. For example, linear distances on slopes are different than 
on flat land, affecting density maps, area calculations, and cost-distance analysis. Sun angle and 
relief affect illumination patterns, creating shadows that greatly reduce the intensity of spectral 
signals (Itten and Meyer 1993; Schneiderbauer et al. 2007). Shady areas can be easily confused 
with burned areas (Mitri and Gitas 2004; Chuvieco et al. 2019). Several authors have attempted 
to solve or at least minimize this problem by identifying and classifying shady pixel separately, 
often using illumination models based on sun angle at the date of the satellite image acquisition 
and Digital Elevation Models (DEM), or by developing topographic correction techniques that 
are now highly recommended as an integral step in image preprocessing (McDonald et al. 2000; 
Riaño et al. 2003; Gitas and Devereux 2006; Cheng et al. 2008; Gao and Zhang 2009; Hantson 
and Chuvieco 2011; Ediriweera et al. 2013; Fan et al. 2018). However, some studies found 
divergent results varying from insignificant improvements, improvement in shady areas at the 
cost of deterioration in well-illuminated areas, and introduction of additional distortions when 
relief is too rugged and slopes too steep (Richter et al. 2009; Hantson and Chuvieco 2011; Tan 
et al. 2013; Chance et al. 2016; Sola et al. 2016; Pimple et al. 2017). 

Our tests of various topographic correction techniques gave unacceptable results. 
Therefore, we found a partial solution in the use of band-ratios, on which several vegetation 
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indices are built, and image differencing, which have proven to be able to minimize these 
unwelcomed effects (Holben and Justice 1981; Matsushita et al. 2007; Weiss and Walsh 2009; 
Piper and Yeo 2011). Because topographic shadows affect all spectral bands in a similar manner, 
computing a ratio between two bands will have a normalizing effect. Image differencing will 
have a similar effect, provided that the images used to compute change detection have similar 
sun angle illumination. 

6.2.2. Patchy landscapes with different vegetation types 

Habitat heterogeneity and fragmented vegetation are typical features of mountainous 
regions with extreme altitudinal gradients. Researchers developing mapping routines for this 
kind of landscape have often reported these difficulties (Khawlie et al. 2002; Heinimann et al. 
2003; Cayuela et al. 2006; Ren et al. 2009; Mohammed et al. 2020; Zhao et al. 2020). Owing to 
the particular geographical situation (both altitudinal and latitudinal) of northwest Yunnan, 
different vegetation types coexist with pronounced human interference on the mountain slopes, 
mostly in the form of agriculture and tree plantations (Figure 6-2). Agricultural land changes 
very quickly and in a different manner according to the crop type and the farmers' practices 
(including slash-and-burn). Moreover, during the dry season, sparsely vegetated surfaces look 
similar to burned areas, especially when the lag between the fire event data and the data of the 
post-fire image used for the mapping is large, in the order of several months. Difficulties arise 
when choosing the ideal thresholds to separate burned and unburned pixels that may be quite 
different according to vegetation types within a given image. In a time-series perspective, 
thresholds for one image may not be suitable for other images because of spectral inconsistencies 
introduced by differences in sun elevation, atmospheric conditions, phenology, etc. 

Also in this case, image differencing can minimize these issues but not entirely remove 
them. Thresholds adapted to each image should be preferred over a single fixed threshold for the 
whole time-series. This can be achieved by normalizing the time-series which has shown to 
equalize the magnitude of change in different vegetation types (de Carvalho Júnior et al. 2015). 
Among the different normalization techniques, z-score standardization was selected (more 
details in Section 6.3.2.1). 
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Figure 6-2. Patchy landscape in the mountains around Yunlong Natural Taiji Eight-Diagram on the Bijiang river, 
Yunlong county. Photo by the author. 

6.2.3. Disturbances of limited size compared to other regions 

With patchy landscapes come forest fires of smaller size compared to those in vast forests 
such as boreal areas or extensive woodlands. Burned area detection by satellite becomes more 
difficult if sensors have coarse spatial resolution capabilities. The existing satellite-based global 
fire products such as the MODIS suite (Justice, Giglio, et al. 2002) and ESA_cci (Chuvieco et 
al. 2016) are relatively recent, tracking burned areas back to the year 2000 the earliest. Also, 
these products are not suitable for estimating burned area and fire counts in patchy landscapes, 
because of their coarse spatial resolution omitting more than 50% of the fire events (Fornacca et 
al. 2017). 

As may be evident at this stage of this thesis, we reiterate that the best option for 
reconstructing the fire history of mountainous regions lies in the Landsat long archive and 
moderate (30 m) spatial resolution. 

6.2.4. Constant or partial (seasonal) cloud coverage 
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Unfavorable atmospheric conditions represent another widespread limitation for optical 
remote sensing. Haze alters the radiance recorded by the sensors and reduces visibility, requiring 
calibration processes to obtain ‘clean’ reflectance values comparable with other scene 
acquisitions (Fang and Yang 2014; Zhu 2017; Ahmad et al. 2019). Several dehazing techniques 
and atmospheric corrections algorithms have been developed, and some of them are integrated 
in deliverable satellite products such as the LEDAPS algorithm for Landsat TM sensors (Masek 
et al. 2013) and the LaSRC for the Landsat OLI sensor (Vermote et al. 2016). Although hazy 
scenes can be at least partially recovered, clouds block the illumination of a good portion of the 
electromagnetic spectrum used by passive sensors such as visible and infrared light. Moreover, 
depending on their elevation, they cast shadows on other areas that cannot be corrected with 
topographic normalization methods. Consequently, the information of the land surface covered 
by clouds in that scene is lost. According to the analysis's aim, clouds and their shades can be 
removed by masking operations (Zhu and Woodcock 2012, 2014; Goodwin et al. 2013), and the 
affected pixels can be potentially replaced with cloud-free pixels extracted from other images. 
This gap-fill operation is performed using a Best-Available-Pixel (BAP) approach, which 
consists of searching for suitable pixels in images temporally close to the target image (White et 
al. 2014; Hermosilla et al. 2015). Alternatively, active microwave remote sensing solutions such 
as radar could be considered for their ability to penetrate clouds. However, for burned area 
mapping purposes, radar images are difficult to interpret, and performance results vary 
significantly among the studies which tested them; some considering them promising (Huang 
and Siegert 2004; Polychronaki et al. 2013; Belenguer-Plomer et al. 2019), while other finding 
significant limitations or suggesting a complementary adoption with optical images (Siegert and 
Ruecker 2000; Stroppiana et al. 2015; Tanase et al. 2020). 

The seasonal monsoon-type climate of northwest Yunnan results in long periods of cloudy 
conditions (Figure 6-3). The acquisition frequency of Landsat 4-5 images is relatively low (16 
days) compared to other satellites such as MODIS, which fairly limits the selection of candidate 
scenes for time-series in areas with high cloud cover (Hawbaker et al. 2017). This represents a 
major problem when detecting non-permanent effects of natural or human-induced disturbances 
such as wildland fires (Melchiorre and Boschetti 2018; Fornacca et al. 2018). The time interval 
between candidate scenes could vary substantially each year, resulting in very irregular time-
series challenging to analyze because of pronounced differences in vegetation phenology, sun 
angle, and climatic conditions (Key 2006; Verbyla et al. 2008). Consequently, an approach based 
on regular time-interval data is preferred. For our study region, a time-series using single yearly 
winter images was built. 
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Figure 6-3. An example of query results for Landsat TM scenes in a portion of northwest Yunnan (WRS path 131, 
row 42) in 2011, from the USGS’s EarthExplorer provider (www.earthexplorer.usgs.gov). The thumbnails illustrate 
how cloud-free images are very limited. 

6.2.5. Fast vegetation recovery owing to abundant rains 

A condition that goes along with high cloud coverage, abundant seasonal rains are typical 
of tropical regions. Regular precipitation and a warm weather boost vegetation regrowth, quickly 
hiding light fire scars. This is particularly pronounced in grassland/savannah-like ecosystems but 
also in pine forests, which are in general composed of fire-adapted species with rapid resprouting. 
As a consequence, the time window to detected burned areas is restricted, and several fire events 
will remain undetected, as shown in Figure 6-4 (see also Figure 5-4 and Figure 5-5 in Chapter 5 
and in Fornacca et al. 2018). 

As highlighted in the previous point, adding one or more candidate scenes within a year is 
not a suitable approach because of the frequent and extensive presence of clouds. A regular, 1-
year interval time-series remains the best choice. 
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Figure 6-4. Example of fast vegetation recovery after burn. Dates are in Year_DayOfYear format. The first and last 
Landsat false-color composites are the reference scenes used in the time-series, while the second and third scenes 
have been added for analysis. The fire occurred and recovered in between the two reference dates, leaving almost 
no spectrally detectable trace. 

6.2.6. No prior knowledge on fire occurrence available 

Many algorithms and existing burned area extraction routines rely on existing data for 
training, testing, and parameter tuning. In the case of NWY and several other regions of the 
World, this information is missing. Moreover, burned area samples or hotspots derived from 
other products may not reliably represent burn in these complex regions, providing low quality 
or erroneous training data, as highlighted in Chapter 4 (Fornacca et al. 2017). Therefore, the 
ideal burn scar mapping algorithm should not rely on pre-existing data to train and test the 
models, for tuning the parameters or determining thresholds.  

For this purpose, we looked into methodologies to automatically extract burn evidence 
based on the images composing the time-series. A few automatic threshold determination 
techniques for change detection based on the images’ density distributions have been explored 
(Bruzzone and Fernandez Prieto 2000; D’Addabbo et al. 2004; Vázquez-Jiménez et al. 2017). 
Recently, Woźniak & Aleksandrowicz (Woźniak and Aleksandrowicz 2019) proposed a self-
adjusting thresholding methodology applied to burned area detection that can be automatically 
applied to any vegetation type while maintaining satisfactory mapping accuracy. In our case, we 
used standardized time-series and determined different probabilities of burn based on standards 
deviations from the mean (details in section 6.3.2.2). 

6.3. Materials and methods 

6.3.1. Study region and data 

The NWY region could be covered by 7 Landsat tiles, namely WRS-2 path/row 131/041, 
131/042, 132/040, 132/041, 132/042, 133/040, and 133/041 (Figure 6-5). The time frame of the 
selected images was from the year 1987 to 2018, corresponding to consistently available Landsat 
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TM and OLI Collection 1 images for the region, retrieved from a United States Geological 
Survey (USGS) data provider (https://earthexplorer.usgs.gov/). No scenes from the ETM+ 
sensor were used because of its mechanical failure, consequently creating a 2-year gap in the 
time-series (2011 and 2012). All images were geometrically and radiometrically corrected, as 
well as calibrated to surface reflectance values by the provider using the LEDAPS (Masek et al. 
2013) and the LaSRC (Vermote et al. 2016) algorithms, for TM and OLI scenes respectively, 
according to the Level-2 standards. Candidate images were selected on a yearly basis during the 
dry season (winter) because of the favorable atmospheric conditions with low cloud cover. 
Figure 6-6 shows the time-series dates for each path/row tile, while the precise dates in tabular 
format can be found in Appendix D. Overall, image dates were comprised between 10th October 
and 20th April (range: 193 days), with an average around 24th December and a standard deviation 
of 33 days. The largest interannual date shift was of 131 days in tiles 131/042 and 132/042, but 
the average shift was 35 days with a standard deviation of 26 days. 

Three additional datasets were used as input in the burned area extraction workflow. 
Administrative boundaries for the delimitation of NWY were provided by the GADM project 
version 3.6 (https://gadm.org/). Two landcover datasets of circa year 2000 and year 2010 mapped 
at 30 m resolution were produced by the GlobeLand30 project 
(http://www.globallandcover.com/). Furthermore, active fire points from the MODIS 
MCD14ML product (http://modis-fire.umd.edu/) were used for the sampling design in the 
validation part. 
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Figure 6-5. Location of the study area, northwest Yunnan (NWY). Landsat WRS-2 path/row coverages clipped to 
the boundary of the study region are shown in different colors (also used in Figure 6-6). 
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Figure 6-6. Variation of image dates in each WRS-2 path/row time-series. Because images were selected during 
the winter months, dates vary between the current and the following year, resulting in a “double y-axis”. The raw 
data in tabula format can be found in Appendix D.  
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6.3.2. Burned area extraction workflow 

One of the aims of the authors was to create an automated burned area and fire event 
extraction routine that can be easily reproduced by any researcher with basic GIS and remote 
sensing knowledge, without advanced programming skills. The resulting burned area extraction 
workflow is composed of five main phases. The first phase consists mainly of preprocessing 
steps to organize the time-series while the last step is the cleaning and reorganization of the 
results to form a fire event geodatabase. The second, third, and fourth steps are the core part of 
the process that, similarly to other previously developed fire extraction routines (Stroppiana et 
al. 2012; Roteta et al. 2019), consist in the creation of seeds or training areas to input a 
classification model followed by a pixel aggregation operation. These steps are described here, 
and a semantic processing workflow is presented in Figure 6-7. 

 

Figure 6-7. Processing workflow. The five phases of the burning area and fire events database creation are 
represented with colors. Light and dark grey elements represent the initial input data and the final output, 
respectively. 
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6.3.2.1. Phase 1 - Construction of the standardized time-series 

As suggested in the requirements list, the use of fire-related spectral indices is highly 
suggested. Those that perform the best for detecting burned areas at time lags of about one year 
in our study region are the Normalized Burn Ratio (NBR) (López García and Caselles 1991; 
Koutsias and Karteris 2000; Key and Benson 2006) and the Normalized Difference Moisture 
Index (NDMI) (Wilson and Sader 2002). Additionally, The Tasseled Cap (Crist and Cicone 1984; 
Crist 1985; Baig et al. 2014) Brightness (BRI), Greenness (GRE), and Wetness (WET) can add 
complementary information of residual burn scars (Fornacca et al. 2018). After extracting these 
five indices for every image of the time-series, a sequential image differencing process where 
each year is subtracted by the following year’s values (resulting in dNBR, dNDMI, dBRI, dGRE, 
and dWET) is executed. Bi-temporal image differencing is a common change detection approach, 
widely used in burned area and burn severity assessments (Lu et al. 2004; Key and Benson 2006), 
which can also be successfully applied to image pairs from different sensors provided that their 
spectral characteristics are similar, such as between Landsat TM, ETM+, and OLI, and proper 
calibration is performed (Oguro et al. 2003; Steven et al. 2003; Li et al. 2013; Flood 2014; She 
et al. 2015; Roy et al. 2016; Mancino et al. 2020). No calibration coefficients were applied but 
a normalized version of the difference images using z-score standardization was produced. De 
Carvalho Júnior et al. (de Carvalho Júnior et al. 2015) used this technique with NBR time-series 
from the MODIS sensor. The authors demonstrated how the temporal trajectories of different 
vegetation types showing different spectral behaviors can be harmonized using standardization, 
allowing for the discrimination of burned areas using a single threshold. Moreover, the negative 
effects of seasonal lag as shown in Figure 6-6 can also be mitigated with this approach. A visual 
example of the effect of standardization on difference images of our time-series is illustrated in 
Figure 6-8 and Appendix E reports a figure from de Carvalho Júnior et al. (2015) showing NBR 
temporal trajectories of two vegetation types before and after standardization. The formula to 
calculate the z-score of the temporal curve of each pixel is: 

𝑧 =
𝑥 − 𝜇

σ
 

where μ is the mean and σ is the standard deviation of the time-series at a given pixel location. 
The last step of this first phase is the masking of unwanted pixels. The images were clipped to 
the study region boundary while clouds, cloud shadows, and snow were masked using the 
pixel_qa band provided with the Landsat Level-2 surface reflectance product. Undesired 
landcover classes (urban, snow, agriculture) were derived from GlobeLand30 and removed. 
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Figure 6-8. Effect of time-series standardization over a difference Normalized Burn Ratio (dNBR) image of the 
year 2006. A big fire can be observed in the upper right corner of the images. (1a) standardized dNBR; (2a) dNBR; 
(1b) binary standardized dNBR with the threshold set at 3 standard deviations from the mean; (2b) binary dNBR 
with the threshold set to match the detected fire shape of quadrant 1b. This figure shows how standardization 
produces less noisy images allowing for a better definition of the threshold separating burned from unburned pixels. 
In the image 2b, several noisy pixels can be seen at the bottom and left sides of the image. 

6.3.2.2. Phase 2 – Adaptive thresholding and training data extraction 

The second phase consists in the automatic extraction of ad-hoc training areas for every 
image. As shown in the introduction section of the present chapter and highlighted as a basic 
requirement for this burned area extraction routine, locations of historical fires are unknown and 
the possibility to use polygons retrieved from other burned area products has been rejected 
because of their insufficient accuracy in NWY. If these data were available, optimum thresholds 
to separate burned to unburned areas based on differenced spectral indices could be defined using 
accuracy measures such as the Cohen’s Kappa coefficient (Cohen 1960) or by analyzing AUC-
ROC curves. As a solution to overcome this problem, we use basic statistical metrics to define 
several classes that will be fed into a classification model. In standardized series, a value (z-
score) of 0 represents the series mean, while other values represent the degree of deviation from 
the mean. Using n standard deviations from the mean is a common statistical method to define 
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thresholds of continuous images representing change (Fung and Ledrew 1988; Sahoo et al. 1988; 
Vázquez-Jiménez et al. 2018), and a conservative threshold set as n=3 is used for detecting 
outliers in a normal distribution, where about 0.27% of the data represents this class (Grafarend 
2006; Leys, Ley, et al. 2013). Our choice for this method lies in the idea that a burned area can 
be considered as a sudden and temporary anomaly (noise) over the rest of the landscape that in 
general changes slightly and slowly (signal). Because the radical change caused by burn 
represents only a very small portion of the difference image, their pixel values will be found over 
the tails of the distribution while the unchanged pixels will be concentrated around the mean. 

Mean and standard deviation were extracted from each standardized dNBR and dNDMI 
time-series and five classes were calculated based on different standard deviation distances from 
the mean. The equivalent classes from the two spectral indices were intersected and a sieving 
process was performed to remove small areas (< 5 pixels). Every class corresponds to a different 
degree and likelihood of change; however, we consider reliable change attributed to burning 
when the number of standard deviations from the mean is above 3 (conservative thresholds for 
anomaly detection). 

6.3.2.3. Phase 3 – Random Forests classification (RF) 

The resulting year-specific training areas are used as input into a Random Forests classifier 
(Breiman 2001), a state-of-the-art machine learning model widely used in remote sensing 
(Belgiu and Drăgu 2016). The Random Forests (RF) algorithm is an ensemble learning method 
that builds multiple decision trees using random selections of the training data. It has shown 
excellent results in classification problems related to burn scar detection and severity mapping 
with Landsat images (Collins et al. 2018; Long et al. 2019; Mitsopoulos et al. 2019; Vetrita and 
Cochrane 2019). The role of RF in our routine is to improve the classification accuracy that 
would result from a simple threshold cut from Phase 1. Experimental trials using a subset of our 
study region showed significant improvements in the results, especially in minimizing 
commission errors (Figure 6-9). 

RF training and classification were performed iteratively on every year and path/row of 
the time-series, using the five standardized difference spectral indices (referred to as m_dNBR_st, 
m_dWET_st, etc. in Figure 6-7) as inputs. RF parameters were tuned over an experimental subset 
of the dataset. With only five variables as input, we were able to set a relatively high number of 
trees in the forest (max_num_of_trees_in_the_forest = 1000) ensuring high performance and 
reasonable processing speed. The maximum depth of the tree parameter (max_depth) was set to 
5, representing the best compromise between under- and overfitting. At the end of the 
classification process, binaries burned/unburned images were produced by grouping the classes 
and separating them according to our conservative threshold principle (z-score=3). 
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Figure 6-9. Producer’s Accuracy (PA) and User’s Accuracy (UA) of the detection of fire events at different 
burned/unburned threshold cuts. Blu lines represent accuracy when setting thresholds after image differencing in 
Phase 2 (PA ID and UA ID). Orange lines represent accuracy when setting thresholds (grouping classes) after 
Random Forests classification in Phase 3 (PA RF and UA RF). RF classification allows a significant accuracy 
improvement over a simple image difference thresholding, especially in terms of User’s Accuracy (reduction of 
commission error). 

6.3.2.4. Phase 4 – Seeded Region Growing (SRG) 

To improve the mapping accuracy of the core burns detected in the previous phases, a 
Seeded Region Growing process (Adams and Bischof 1994) was added to the routine. SRG has 
two functions: it minimizes omission errors by including neighboring pixels excluded from the 
previous conservative cut, and it merges fragmented burn patches belonging to the same fire 
event. This ensures better burn mapping precision and compactness of burn perimeters. The main 
sensitive parameter that needs to be tuned for RG is the Similarity Threshold which determines 
whether a candidate neighboring pixel should be included in the growing region or not. To set 
this parameter we refer one more time to the probability distribution of the change images 
(m_dNBR_st and m_dNDMI_st). Because in the previous phase we adopted a conservative 
threshold (z-score=3) to determine core burned areas, here we allow them to include pixels with 
a lower magnitude of change. All pixels with a z-score between 2 and 3 were selected and their 
similarity values were averaged to obtain the Similarity Threshold parameter for SRG. 

6.3.2.5.  Phase 5 - Spatiotemporal clustering of fire events 

The last phase consists of reorganizing the results of the RF classification and SRG into 
coherent burn events, defined as single fires that occurred in a certain place at a certain time. 
This is a necessary step if we want our product to be able to inform beyond localized yearly 
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burned pixels and become a database of single fire events. For this purpose, the pixels in the 
resulting binary images need to be further clustered to form distinct objects, following criteria 
of space and time. The temporal dimension pre-exists from the initial input images (yearly) and 
cannot be detailed any further, except for potential fires occurring at the moment of the satellite 
image acquisition which would be detected in two consecutive years. Thus, only spatial 
clustering can be performed. The burn pixels of a given year were merged using a distance radius 
of 60 meters. Resulting polygons smaller than 62,500 square meters (250 x 250 m) were removed 
because of their high likelihood to represent noise and errors and to set a minimum burn size 
form small but important forest fires in terms of ecological impact. Finally, all layers from all 
years and tiles were merged into the final fire events database. Every fire event (polygon) 
conserves its original information: path and row of the Landsat tile where it was extracted and 
the dates of Landsat pre and post images used in the bi-temporal differencing. Additionally, a 
new field containing the area of the polygons was added. 

6.3.2.6. Software and processing tools 

All processing was performed within the QGIS software (https://qgis.org/), which offers 
processing tools from partner projects such as SAGA GIS (http://www.saga-gis.org), GRASS 
GIS (https://grass.osgeo.org/) and Orfeo Toolbox (https://www.orfeo-toolbox.org/), as well as 
scripting capabilities with the Python programming language (PyQGIS). The implementation of 
Seeded Region Growing in SAGA was developed by Bechtel et al. (Bechtel et al. 2008) and the 
Random Forests within the Orfeo Toolbox is based on OpenCV libraries 
(https://docs.opencv.org/). All tools are freely available to the community and open-source. 

6.3.3. Accuracy assessment 

The final product is a database of fire events represented by multi-polygon geometries. A 
rigorous evaluation of the accuracy of such a product should include an overall assessment of its 
abilities to detect fire events and their location through the years, as well as quantifying burned 
area at the single fire level. The following sub-sections describe these two validation approaches. 

6.3.3.1. Spatiotemporal polygon intersection approach 

To extensively assess a dataset’s accuracy in space and time, particular care should be 
given to the sampling strategy. Burned area is a temporary phenomenon that in general affects a 
small portion of a region, unevenly distributed both in space and time. Selective sampling of a 
few test sites may be useful to obtain local accuracy measures at a given time and location but 
can hardly be inferred over larger regions and timeframes in a statistically meaningful manner 
(Chuvieco et al. 2019). Recent approaches to test burned area datasets adopt several levels of 
stratification of the sampling units to assure a fair and meaningful assessment of the accuracy of 
both burned and unburned land (Padilla et al. 2014, 2015, 2017; Boschetti et al. 2016; Roteta et 
al. 2019). Following this approach, we created a grid of 10 x 10 km units covering the entire 
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study area. Peripheric squares that partially fell outside of the border were removed as well as 
those where non-valid LULC (water bodies, agriculture, urban, snow) occupied most of the 
square. A total of 147 square samples, distributed over 15 years, were randomly selected for 
manual delineation of burned patches. In the absence of any sort of reference data, this manual 
operation was performed using all available Landsat and Sentinel-2 (from the year 2016 to 2018) 
images within the assessed year. The strata were defined according to fire activity rates derived 
from yearly active fire spots as detected by the MODIS MCD14ML product using the following 
scheme: 

• Temporal stratification: historical MODIS active fire counts were used to calculate the 
proportional fire frequency of each assessed year (Table 6-1, first and second rows). The 
147 sample squares were distributed among the assessed years according to the resulting 
ratios. This approach increases the probability of selecting squares containing fires; 

• Spatial stratification: For each assessed year, every sample unit was tagged as high or 
low fire frequency according to the number of MODIS active fire spots falling within its 
boundary. To assure a fair representation of both burned and unburned accuracy, we 
assigned an equal number of samples to both classes (high/low fire frequency), preferring 
high fire activity when the number of samples to be assigned was odd (Table 6-1, greyed 
area). 

As a consequence of the MODIS product being available from April 2000 only, the 
accuracy assessment was based on the period 2001-2018. However, the years 2011, 2012, and 
2013 were excluded from the assessment because of the gap between the decommissioning of 
Landsat 5 and the beginning of operations the Landsat 8 mission. Although several vegetation 
types are found in the study region, the dominant vegetation type in all 10x10 km sample units 
was the same (pine forests). Therefore, no stratification according to vegetation type was 
performed. Owing to the difficulty when interpreting burned patches visually, only fire events 
bigger than 62,500 square meters (250x250 m) were considered for this accuracy assessment. 
The sampling design and assignation results are shown in Figure 6-10 and Table 6-1, respectively. 

The accuracy assessment was performed using a polygon intersection approach: fire events 
(polygons) were considered successfully detected if they overlapped the reference polygon, 
without setting any minimal rate of area overlapping. More details on this approach can be found 
in Fornacca et al. (Fornacca et al. 2017). We used the common metrics derived from the error 
matrix of modeled versus reference fires: User’s Accuracy (UA), which measures the precision 
of the model (opposite of commission error); Producer’s Accuracy (PA), which measures the 
probability of detection of the model (opposite of omission error); Sørensen–Dice coefficient or 
F1 score (Dice 1945; Sørensen 1948), which calculates the harmonic mean of UA and PA; and 
Overall Accuracy (see section 4.2.3 for the equations). 

Additionally, we used the entire sampling grid to measure the spatiotemporal correlation 
of the MODIS MCD14ML points with those of the resulting modeled fires centroids. Because 
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the total distribution of MCD14ML in the 10x10 km grid units was not normal (Skewness = 2.68, 
Kurtosis = 9.56), we used non-parametric Spearman’s rho (ρ) to run the tests (Spearman 1904). 

6.3.3.2. Pixel-based burned area assessment of single fire events 

The second accuracy assessment focuses on the product capabilities to quantify the burned 
area of single fire events. We selected 30 fire events distributed among five burn size classes 
defined using a Natural Breaks scheme. The reason for such a classification was to assure the 
inclusion of bigger fires which are rarer than smaller ones. By the mean of visual interpretation, 
burned perimeters were digitized and used as references. Bounding boxes wrapping up both 
reference and modeled fire events were drawn to delineate the assessment area for each fire 
(Figure 6-10). Quantification of accuracy was performed using the same metrics adopted in the 
polygon intersection approach, as well as Cohen’s Kappa coefficient (Cohen 1960). This 
assessment was performed at the original 30 m image resolution.
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Figure 6-10. Accuracy assessment design. The left map shows the valid 10x10 km samples used for the stratified random selection; the center map shows the 
cumulated distribution of MODIS Active Fire spots (MCD14ML) falling within the validation grid which determine high and low AF frequency for each sample; 
the right map shows the bounding boxes of selected fires used for the pixel-based burned area assessment. 

Table 6-1. Stratified random sampling scheme for accuracy assessment of fire polygons. The temporal stratification assigns the number of samples to be assessed 
each year according to the ratio of MODIS MCD14ML Active Fires (AF), for a total of 147 samples. Every year’s samples are then randomly selected among high 
and low AF frequency samples separately and in equal number, with priority for high AF frequency samples if the total is odd (grey highlights). 

 

 

 

 

  2001-2018 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2014 2015 2016 2017 2018 

Temporal 
stratification 

AF points totals 5384 83 41 170 281 184 767 589 189 748 1241 554 288 48 164 37 
Ratio (%) 100 1.5 0.8 3.2 5.2 3.4 14.2 10.9 3.5 13.9 23 10.3 5.3 0.9 3 0.7 

Sample distribution 
per year 

147 2 1 5 7 5 21 16 5 21 34 15 8 1 5 1 

Spatial 
stratification 

Assign to low AF 
frequency 

68 1 0 2 3 2 10 8 2 10 17 7 4 0 2 0 

Assign to high AF 
frequency 

79 1 1 3 4 3 11 8 3 11 17 8 4 1 3 1 
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6.4. Results 

The resulting dataset contained 10,549 polygons representing fire events in NWY for the 
period 1987-2018, 5033 of which from 2001. A total area of about 3156 square kilometers 
burned during the overall period, the equivalent of about 4.7% of NWY area. Fire polygons for 
the overall period and the 2001-2018 centroids falling inside the validation grid are represented 
in Figure 6-11. Visually, we can notice that the produced dataset shows similar distributions of 
fire points to MCD14ML, with higher concentrations in the southern and eastern parts of the 
study region. The Spearman’s rank correlation coefficient between the overall distribution of 
MCD14ML points and the resulting dataset was ρ = 0.39 (P-value < 0.001), indicating a 
moderate and significant spatial agreement. This correlation was significant for every year 
during the analyzed period (2001-2018 without 2011, 2012, and 2013), with the weakest 
magnitude in 2008 (ρ = 0.12, P-value = 0.011) and the highest in 2010 (ρ = 0.66, P-value < 
0.001). Details of Spearman correlation can be found in Table 6-2. 

 

Figure 6-11. The left map shows the resulting fire polygons (1987-2018) in overall northwest Yunnan. The right 
map shows the distribution of fire centroids and MODIS MCD14ML points within the validation grid only, from 
2001 to 2018. 
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Table 6-2. Spatiotemporal Spearman correlation between MCD14ML Active Fire hotspots and the present study’s 
resulting dataset (centroids). The correlation is based on a 10x10 km validation grid drawn within the study region. 

 df (n-2) rho p-value 

2001 428 0.21 < 0.001 

2002 428 0.16 0.001 

2003 428 0.48 < 0.001 

2004 428 0.33 < 0.001 

2005 428 0.27 < 0.001 

2006 428 0.38 < 0.001 

2007 428 0.54 < 0.001 

2008 428 0.12 0.011 

2009 428 0.30 < 0.001 

2010 428 0.66 < 0.001 

2014 428 0.43 < 0.001 

2015 428 0.48 < 0.001 

2016 428 0.24 < 0.001 

2017 428 0.33 < 0.001 

2018 428 0.15 0.002 

Total 428 0.39 < 0.001 

Table 6-3 shows the results of the polygon intersection assessment of the 147 samples, 
aggregated by year. The overall accuracy of the samples (1: when in a sample all fires are 
detected and no commission errors; 0: when a sample contains omission or commission errors) 
was 0.69, resulting from 101 fully correct samples (all fires detected and no errors of commission) 
and 46 containing at least one mistake (n = 147). A total of 198 fires were visually identified, 
159 of which were correctly detected, and 39 were omitted, while 45 fires were erroneously 
detected by our model. These numbers translate into a Dice’s coefficient of 0.79, a Producer’s 
Accuracy equal to 0.80, and User’s Accuracy equal to 0.78, for the overall assessed period. In 
general, the results for the fires detected with Landsat 5 (2001 to 2010) were superior to those 
obtained with Landsat 8 (2014 to 2018), except for their UA. 

Moreover, the stratified sampling design was expected to return a relatively balanced 
number of samples containing fires and samples not containing any fire. In the reference dataset, 
the fires were distributed in 80 sampling units, while in the remaining 67 no fire was observed. 
Similarly, our product detected fires in 81 samples. 
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Table 6-3. Accuracy assessment of the polygon intersection approach. The results of the 147 10x10 km samples 
have been aggregated by year, from 2001 to 2010 for Landsat 5 (LS5) and from 2014 to 2018 for Landsat 8 (LS8). 

Year 
No. of 

samples 
Correct 
samples 

Reference 
fires 

Detected 
correctly 

Omitted Committed 

2001 2 2 1 1 0 0 

2002 1 1 3 3 0 0 

2003 5 2 12 8 4 2 

2004 7 5 4 2 2 0 

2005 5 5 16 16 0 0 

2006 21 15 22 13 9 1 

2007 16 9 39 39 0 18 

2008 5 4 5 5 0 1 

2009 21 11 24 18 6 10 

2010 34 24 51 41 10 11 

2014 15 10 8 5 3 2 

2015 8 7 6 4 2 0 

2016 1 1 1 1 0 0 

2017 5 4 6 3 3 0 

2018 1 1 0 0 0 0 

Total 147 101 198 159 39 45 

       
Producer's Accuracy: 0.80   (LS5: 0.82, LS8: 0.62) 

User's Accuracy: 0.78   (LS5: 0.77, LS8: 0.87) 

Dice's Coefficient (F1 score): 0.79   (LS5: 0.80, LS8: 0.72) 

Overall sample accuracy: 0.69   (LS5: 0.67, LS8: 0.77) 

Results of the pixel-based burned area accuracy are summarized in Table 6-4. User’s 
Accuracy is often higher than Producer’s Accuracy, the latter showing values below 0.50 in four 
out of thirty samples. In comparison, UA was always above 0.50, the lowest value found in 
sample s02 (UA = 0.61). Globally, the product underestimates burned areas in the order of 27% 
(PA = 0.73) but minimizes false detections with only a 13% error margin (UA = 0.87). Summary 
metrics showed an overall accuracy stabilizing at 93%, with F1 at 0.79 and Kappa at 0.69. 
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Table 6-4. Pixel-based accuracy assessment of the burned area perimeters of 30 fire events. PA: Producer’s 
Accuracy, UA: User’s Accuracy. 

Sample 
Correct 
burned 

Correct 
unburned 

Omitted 
pixels 

Committed 
pixels 

PA UA Kappa F1 
Overall 

Accuracy 

s01 356 870 264 30 0.57 0.92 0.57 0.71 0.81 

s02 82 86 1 52 0.99 0.61 0.54 0.76 0.76 

s03 170 152 23 47 0.88 0.78 0.64 0.83 0.82 

s04 272 981 262 25 0.51 0.92 0.54 0.65 0.81 

s05 269 989 704 10 0.28 0.96 0.27 0.43 0.64 

s06 72 43 23 5 0.76 0.94 0.60 0.84 0.80 

s07 933 2595 1295 137 0.42 0.87 0.39 0.57 0.71 

s08 599 843 839 19 0.42 0.97 0.33 0.58 0.63 

s09 1198 1195 404 153 0.75 0.89 0.63 0.81 0.81 

s10 1184 2968 690 342 0.63 0.78 0.55 0.70 0.80 

s11 855 884 410 105 0.68 0.89 0.55 0.77 0.77 

s12 1269 1966 551 100 0.70 0.93 0.66 0.80 0.83 

s13 1864 2122 849 490 0.69 0.79 0.50 0.74 0.75 

s14 3430 4596 1154 332 0.75 0.91 0.67 0.82 0.84 

s15 2211 5670 820 419 0.73 0.84 0.68 0.78 0.86 

s16 1454 1972 100 350 0.94 0.81 0.76 0.87 0.88 

s17 1618 4463 802 147 0.67 0.92 0.68 0.77 0.87 

s18 2236 11212 4969 109 0.31 0.95 0.34 0.47 0.73 

s19 6508 10117 1620 907 0.80 0.88 0.73 0.84 0.87 

s20 5959 7744 1175 616 0.84 0.91 0.77 0.87 0.88 

s21 5281 6087 1072 1288 0.83 0.80 0.66 0.82 0.83 

s22 4454 8030 1842 280 0.71 0.94 0.69 0.81 0.85 

s23 4799 8617 524 339 0.90 0.93 0.87 0.92 0.94 

s24 9888 27193 7578 315 0.57 0.97 0.60 0.71 0.82 

s25 27349 74712 6019 8248 0.82 0.77 0.71 0.79 0.88 

s26 14584 36404 4500 1388 0.76 0.91 0.76 0.83 0.90 

s27 13135 50623 2715 4578 0.83 0.74 0.72 0.78 0.90 

s28 12515 17226 1094 1190 0.92 0.91 0.85 0.92 0.93 

s29 9809 7282 1320 495 0.88 0.95 0.80 0.92 0.90 

s30 12449 20930 10448 357 0.54 0.97 0.52 0.70 0.76 

Total 146802 318572 54067 22873 0.73 0.87 0.69 0.79 0.93 
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6.5. Discussion 

We proposed a prototype methodology to extract burned areas and build historical fire 
inventories from Landsat TM and OLI images in regions that present particular challenges to 
remote sensing approaches, such as the complex landscapes of mountainous remote areas. The 
main difficulties we attempted to overcome were the lack of ground data for model training and 
testing, the limited availability of cloud-free satellite images, and land morphology effects such 
as shades created by rugged relief and mosaic landscapes. A good balance between omission and 
commission errors in terms of spatiotemporal fire events detection was found, with both error 
types stabilizing around 20%, while errors of commission in mapping burned areas were 
minimized to about 13%, often at the cost of higher omission which reached 27%. In terms of 
accuracy, our prototype represents an improvement compared to the performance of existing 
products in the same region, i.e., MODIS fire products and ESA Fire_CCI (Fornacca et al. 2017). 
Among the salient findings, we demonstrated how it is possible to automatically extract image-
specific training data and set thresholds from standardized change images using conservative 
thresholds such as in outlier detection techniques. This approach is extremely valuable when no 
other sources of information are available. Methodologies to extract training samples from the 
input images have been proposed before, like for example, the algorithm from Stroppiana et al. 
(2012), which uses a soft aggregation of partial burn/unburn evidence from a flexible number of 
spectral indices, or advanced statistical methods as proposed by Woźniak and Aleksandrowicz 
(2019). Our solution opts for a more conservative approach in this initial selection and adds time-
series normalization of difference images to minimize potential sources of noise (Figure 6-8). 

We identified the sources of commission errors as coming from inaccuracies in cloud and 
cloud shade masks, noise caused by very low illumination in steep slopes, and limitations of the 
LULC mask employed, which in several cases erroneously assigned forest pixels to other classes 
such as agroforestry and agriculture. The low commission found in burned perimeter mapping 
is a very encouraging result given the fact that this error type is a common problem of systematic 
burned area extraction over large areas and long periods of time (Roy and Boschetti 2009; 
Bastarrika, Chuvieco, and Martín 2011; Stroppiana et al. 2012). The reasons for the omission 
errors are multiple. The main one is the fast recovery of burned vegetation, especially in less 
forested ecosystems such as grasslands and shrublands (Fornacca et al. 2018). During the 
production phase of the reference dataset used for the accuracy assessment, it was reported that 
several fires occurred and recovered within a year, making them completely or partially 
undetectable in the image used in the time-series (Figure 6-4). Moreover, one of the 
fundamentals from which the methodology was build was the use of multiple thresholds based 
on time-series z-scores to extract training samples, followed by a classification step and a 
conservative cut to separate burned from unburned classes. Softening the threshold would likely 
reduce omission errors but increase commission. Another important aspect to understand the 
performance of the product is the sampling design used for the accuracy assessment. The 
stratified random sampling scheme adopted in our study assured a fair distribution of samples 
between burned and unburned classes by means of an independent fire frequency dataset 
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(MCD14ML). The re-evaluation of several burned area products using stratified random 
sampling often reported much higher omission and commission errors than previously assessed 
using test sites, namely in the order of 42% and 68%, respectively (Padilla et al. 2015; Chuvieco 
et al. 2019). However, a recently developed burned area algorithm with higher spatial resolution 
images from Sentinel-2 (Roteta et al. 2019) showed great improvements in the African continent, 
with omission and commission around 26.5% and 19.3%, respectively. In this context and 
despite the particular environmental challenges of the study region, our product performs 
relatively well. In particular, the very low commission error presents a unique advantage for the 
quantification of fire activity: the product is able to reliably estimate a minimum in terms of 
burned area while the consideration of the omission rate can give hints on a more realistic 
magnitude of the disturbance. 

The spatiotemporal correlation found with the MODIS14ML confirms the pertinence of 
our results, even if the latter has been found to produce relatively high errors of commission in 
this region (Fornacca et al. 2017). Unfortunately, we do not have quantitative information about 
forest fire counts and burned area specifically for NWY; however, we can compare our results 
with the statistics at the provincial level, as reported in the official website of the Chinese 
National Bureau of Statistics (https://www.stats.gov.cn/tjsj/). The official statistics reported a 
total of 5822 fire events and a burned area of 153,974 hectares in overall Yunnan, while our 
product detected 4861 fires and 167,700 burned hectares in NWY, during the period 2003 to 
2018. Another source available in Chinese only (Wu et al. 2009) states that from 1951 to 1998, 
the annual average number of fires in Yunnan was 2725 and the annual average burned area was 
138,259 hectares, values much higher than those reported by the National Bureau but over 
different periods. In an attempt to estimate biomass burning in mainland China, Yan et al. (Yan 
et al. 2006) found that satellite sensors detected a 13 times wider burned area than what was 
shown in national statistics for the year 2000. NWY is certainly one of the hotspots of fire activity 
in Yunnan province; however, these results highlight significant discrepancies between satellite 
observations and other sources that require further investigation. A multitude of small fires 
caused by routine human activities, especially in grassland-shrubs and mixed wild vegetation 
with tree plantations or fields on the flank of the mountains, occur every year. These fires are 
probably not taken into account in the national reports, which focus more on forest fires requiring 
the mobilization of significant suppression resources. In addition, the particular remoteness of 
the areas may represent a limitation to the continuous surveillance of wildland fires. On the other 
side, a source of inaccuracy in fire counts may be related to the high fragmentation of the 
resulting fire polygons. Even after the spatiotemporal aggregation of the polygons performed in 
Phase 5, single fire events may still be composed of several separate polygons which will inflate 
the fire counts. However, this does not explain the high burned area. Another hypothesis may be 
the difficulty in discriminating burn from other disturbances, as suggested by the presence of 
commission errors (UA). 

The major limitation to the significance of our results comes from the methodology used 
to build the reference dataset for the accuracy assessment, which is based on data derived from 
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the same source as the assessed product, except for the last two years where Sentinel-2 images 
were included. This approach is not ideal but still valid when no other options are available 
(Vanderhoof et al. 2017; Chuvieco et al. 2019). However, we should consider the potential bias 
represented by the correlation between the model and the reference datasets. Another limitation 
is what is commonly referred to as “business decision”. Despite the routine developed is mostly 
automated and an automatic threshold extraction method has been proposed, a few parameters 
need to be set by the analyst, according to its project goals and requirements, such as whether to 
maximize omission or commission errors. In particular, the final z-score threshold to separate 
burned from unburned classes, the similarity threshold to set the Seeded Region Growing 
algorithm, and the distance buffer to merge the resulting polygons can be adapted to potentially 
obtain better results. 

Finally, a caveat when using this methodology or the derived product needs to be stated. 
The lack of usable images from the Landsat 7 mission (ETM+ sensor) created a gap between the 
years 2010 and 2013. Consequently, the fire polygons included in the year 2013 are extracted 
from the comparison between images from end 2010 (or beginning 2011) and end 2013 (or 
beginning 2014). These fire events are likely to have occurred during the year 2013 but may 
include burns from 2011 and 2012 but with substantial omission rates. Therefore, the accuracy 
of the year 2013 could not be assessed with the data available. Furthermore, the compared scenes 
have been acquired using different sensors (TM and OLI), which potentially introduce bias when 
comparing spectral indices, even after time-series standardization. Calibration coefficients for 
single bands (Roy et al. 2016) and for several spectral indices (Steven et al. 2003; Mancino et 
al. 2020) based on linear relationships between the values derived from different sensors have 
been proposed. However, among the different spectral indices analyzed, the most recent work 
on this topic (Mancino et al. 2020) showed that NBR mean values between the ETM+ and OLI 
sensors are the least affected and their relationship is not linear, limiting their calibration 
potential. For the present version of the algorithm, we decided to not apply calibration 
coefficients. It is therefore advised to consider 2011 and 2012 as missing years and pay particular 
attention when using fire data of the year 2013. 

We believe this algorithm can be easily scaled up and tested in other regions with similar 
difficulties as NWY. Further automation can be achieved, for example by using Python scripting 
for standalone or QGIS software applications. With the advent of datacube architecture 
technology such as the Google Earth Engine (https://earthengine.google.com), big data 
manipulation does not represent a barrier anymore, allowing researchers to use their algorithms 
over large areas and temporal ranges (Gorelick et al. 2017). Our methodology could be integrated 
into a datacube and optimized to allow users to set their preferred parameters at each phase, e.g. 
the choice of the vegetation indices most appropriate for a given study region and adapt the z-
score thresholds for training data generation. 
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6.6. Chapter conclusions 

The historical Landsat archive is probably the most convenient way to overcome past 
underestimations of the ecological impacts of small fires and gain insights into recent fire 
dynamics in regions where this phenomenon is poorly understood. The burn scar and fire event 
extraction methodology presented here addressed some of the common challenges of these 
regions characterized by complex landscapes, including frequent clouds, rugged terrain, and 
absence of training data. The methodology proved to be very useful to estimate fire numbers and 
locations, with both errors of omission and commission in the order of 20%, while the accuracy 
of burned perimeters maximized commission over omission. These results represent a great 
improvement compared to existing products, allowing for the reliable estimation of minimum 
rates of fire activity. While commission could be easily reduced by tightening a threshold 
parameter, omission errors related to fast vegetation recovery after fire remain a hard challenge 
to be improved, but would certainly be a lesser issue in regions where vegetation recovery is 
slower. 

A dataset of fire events for northwest Yunnan spanning over the period 1987-2018 has 
been created (see Appendix F) and can now be used for future analysis of recent fire dynamics 
in the region. 
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7. Wrap-up and conclusions 

7.1. General conclusions and recommendations 

Being an integral component of land surface dynamics providing vital ecosystem services, 
wildland fires are inevitable. We live in a world where virtually all landscapes have been subject 
to different degrees of anthropogenic influence. This makes it clear that the occurrence of fires 
does not only depend on weather and vegetation conditions but also on several human factors, 
and all these variables are governed by complex interactions and feedback loops that we still 
poorly understand. Fire and land management policies' effectiveness could improve substantially 
from a better comprehension of the spatiotemporal patterns of fire occurrence and the 
identification of risks and vulnerabilities. For example, fire suppression resources, which 
represent a conspicuous budget on the shoulders of public administrations (therefore taxpayers), 
should be allocated in the most vulnerable areas where the harm caused by fire is unbearable. 
Conversely, in fire-dependent areas, wildfires can be tolerated or even promoted by management 
practices focusing more on ensuring regular burns distributed heterogeneously over the 
landscape as well as other particular management practices. 

In this work, we highlighted the ecological importance of mountain environments and their 
particular sensitivity to climatic and anthropogenic changes. Their typical fragmented landscapes 
are particularly vulnerable to natural hazards to the point that minimal alterations, such as land 
abandonment or extended dry periods, could highly impact the long-term functioning of 
ecosystems, including the role of fire regimes. We recognized that improving the management 
effectiveness of mountains is paramount not only at the local scale but for ecosystems and people 
globally. Therefore, we referred to the concept of fire regime as an initial framework to 
understand the recent and current patterns of fire occurrence in a given region. Core variables 
such as fire frequency, area burned, return interval, etc., as well as more broad information on 
the conditions of fire and its immediate effects on the environment and society, may be included 
in the framework. Yet quantitative, the fire regime concept remains purely descriptive. A more 
analytical framework aiming at identifying areas where fire management should be prioritized 
was then proposed. We integrated the concepts of risk and vulnerability following a scheme 
widely used in the assessment of the impacts of climate change. The advantage of this outcome 
vulnerability model lies in its modularity (fire risk is separated from habitat vulnerability and 
adaptive capacity) and its simplicity in integrating and analyzing geospatial datasets using 
probabilistic approaches. The parameters of the model can be easily manipulated to predict and 
identify future vulnerable regions according to changes in climate, land use - landcover, and 
human factors. This framework has not yet been tested, but we expect it to run with minimal data 
and provide a first assessment of vulnerability to fire at a broad scale. 

We pointed out that, among the main difficulties encountered when analyzing mountains, 
there is a chronic lack of baseline data for research. In our case, without spatially- and 
temporally-explicit information on past fire occurrence, fire regimes cannot be defined, the 
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risk/vulnerability framework cannot be implemented, nor could any sort of evidence-based 
knowledge be established, and informed decisions be taken. This is the reason why, after 
proposing this contextual framework, we set the main aim of the thesis as: 

To develop robust methods for the reconstruction of past fire history which 
are suitable for heterogeneous mountain environments. 

As a representative study case, we focused on northwest Yunnan, China, a mountainous 
region characterized by an extreme environmental heterogeneity, including climate, topography, 
and landscapes. No data on fire is publicly available for this region. 

To achieve this main goal, we organized our research in several objectives with related 
research questions that guided the several steps of our work. We report them here together with 
our findings, conclusions, and recommendations. 

1. To evaluate the quality and the usability of existing global burned area products in the 
complex landscapes on northwest Yunnan. 

Question: Are the widely used and freely available global fire products suitable to estimate 
the past fire activity in mountainous landscapes? 

Given the fact that official data about fire locations and dates are not publicly available 
in China, we opted for existing satellite solutions. We analyzed the fire products produced 
with the MODIS and MERIS sensors from NASA and ESA satellite missions. As 
hypothesized, mainly due to the coarse resolution of the sensors (500 m for MODIS, 300 m 
for MERIS), these products highly underestimate the impacts of fire in northwest Yunnan, 
as well as potentially any region presenting similar landscape features and affected by fires 
of relatively small size. We conclude that fire occurrences cannot be quantified reliably and 
consequently fire regimes cannot be defined, also because of their too short temporal 
coverage. 

Furthermore, the extremely high errors of omission shown in our mountainous area 
suggest unsuitability for purposes of validation or training algorithms for burned area 
extraction. 

One of the MODIS product (MCD64A1) is used in the Global Fire Emission Database 
v.4. Our findings inform on the fact that the contribution of small fires is underestimated at 
the global level and that many regions of the world are not represented in the model. 

Since the date of our analysis (2017), a new version of the ESA product and other 
projects have been published. We suggest performing a new test with these newly available 
products and keep reporting on the importance of the inclusion of mountainous regions in 
wildland fire talks. 
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2a. To assess the spectral permanence of burn scars and their detectability by the Landsat 
sensors in different vegetation types and at several post-fire time-gaps. 

Question: For how long can burned areas be successfully detected by the Landsat sensors, 
given potentially divergent recovery patterns of different vegetation types? 

We moved our attention toward the Landsat mission because it became evident that for the 
purpose of our thesis this was the best option. Because of the relatively poor temporal 
resolution and the high cloud coverage during the summers, we had to evaluate potential 
time ranges to compose a time-series for burned area extraction. We used spectral vegetation 
indices and image transformation techniques pertinent to burned area detection to isolate the 
signal and calculate a separability index between burned and unburned samples. We found 
that different vegetation types recover at different speeds, with broadleaved forests being 
the slowest (sufficient separability several years after fire), followed by coniferous forests 
(still detectable after 1 year). Shrubs and grasslands recovered very quickly and were often 
hardly detectable after 1 year post-fire. 

We conclude that a regular 1-year interval time series could potentially include the 
majority of burned areas, but omission errors would be present mostly for grasslands and 
shrublands areas. 

2b. To identify the most suitable satellite-derived vegetation indices to map burn scars in 
different vegetation types at different post-fire dates. 

Question: Which spectral indices show the best separability between burned and unburned 
vegetation in different vegetation types at different post-fire dates? 

Indeed, spectral indices showed different detectability patterns in terms of separability 
between burned and unburned samples, according to vegetation and time after burn. Some 
spectral indices such as MIRBI, Tasseled Cap GREENNESS, and NDVI are ideal for 
immediate post-fire mapping, but in the long term, other spectral indices such as NBR and 
NDMI perform better. Needleleaved and broadleaved forests showed similar and consistent 
separability patterns among the different spectral indices, while the two other vegetation 
types had less clear patterns. However, NBR and NDVI appeared in general superior, 
especially starting from 1 year post-fire. 

We conclude that, in the mountains of northwest Yunnan, due to persistent cloud 
coverage during a good portion of the year, a time-series of 1-year interval Landsat images 
is suggested for burned area detection and that NBR, NDMI, as well as the three tasseled 
cap indices, should be used in the methodology. 
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3. To identify the different difficulties encountered when mapping burned areas in 
complex mountain landscapes, develop an automatic solution based on the historical 
Landsat archive, and evaluate its performance. 

Question: How can we adapt remote sensing techniques to effectively map burned areas in 
complex mountainous landscapes without prior spatial information on past fire events? 

This was the final objective of the present thesis, where all the difficulties of remote 
sensing applications had to be expressed and faced. We identified six major challenges and 
proposed a solution or a compromise adaptation to each of them. The challenges were: small 
size of fires, rugged terrain creating shades in the images, patchy landscapes, frequent cloud 
cover, fast recovery of vegetation, and no prior information on fires to use as training data. 
It should be noted that every one of these difficulties represents an entire research topic and 
that it was not our intention to propose an in-depth analysis and extensively tested solutions 
to each challenge. Our aim was to develop an automatic burned area extraction routine that 
could minimize these sources of error. Several common techniques used in the field of 
change detection from remotely sensed images were employed in our solution, including the 
use of spectral indices, image differencing, classification with powerful machine learning 
models, and an object-based approach. The hardest challenge was to select training data for 
classification and set the thresholds separating the burned and the unburned classes in an 
automatic way without reference information to tune the algorithm. This routine needed to 
be applicable to every image in the time-series and be efficient for burns in different 
vegetation types. We found a solution in normalization operations performed over time-
series and other concepts related to normal distributions such as outlier detection. 

The resulting fire dataset was tested for accuracy thoroughly, obtaining satisfying results. 
Estimations of commission and omission errors were in the order of 20% both, while pixel-
based mapping accuracy minimized commission at the cost of higher omission. 

We conclude that good automatic mapping results can be achieved efficiently over vast 
areas presenting multiple remote sensing obstacles. The Landsat archive represents the best 
option to reconstruct fire history and potentially other land surface dynamics, tracing them 
back to circa the mid-1980s, if we exclude the earlier coarser resolution images from the 
MSS sensor. 

7.2. A product and a methodology 

In the most synthetic way, we can say that the main outcomes of the present thesis are a 
final usable product and an automated burned area mapping methodology that can be transferred, 
adapted, and scaled up. 

The final product consists of a dataset of polygons representing burned areas that occurred 
between the years 1987 and 2018. The attribute table includes the area of each polygon, the year 



 

122 
 

of burn, and the WRS-2 tile of the originating Landsat scene. The file is available on a dedicated 
GitHub repository (https://github.com/DavideFornacca/Fire) and can be freely accessed by 
anybody in need. The different shortcomings, limitations, and caveats are clearly stated in the 
corresponding publication and need to be understood before using the data. 

One of the most salient findings of this product is its quantification of fire counts and area 
burned in contrast with those reported in official government statistics (at the provincial level). 
This further confirms earth observations' massive potential in creating raw data about land 
surface repeatedly and globally. After proper treatment and analysis, the raw data becomes 
valuable information supporting decision making. This process is more effective and rapid when 
data is of high quality and openly made available to the scientific community through end-point 
spatial data infrastructures. Moreover, datacube architectures are solving the common end-users 
limitations of storage space and processing power, enabling them to harness some of the 
capabilities of big spatiotemporal data. 

Although automatic (no need to manually select training data), our burned area extraction 
routine requires some parameters to be set by the analyst according to his/her specific 
requirements. The methodology has been developed using freely available satellite images and 
freely available software packages so that anybody having access to a computer and an internet 
connection can implement it and adapt it. The modular architecture of the routine can potentially 
be translated into scripts for datacubes such as JavaScript for the Google Earth Engine to increase 
automatization and, as mentioned previously, removing storage and processing power barriers. 

We hope that other researchers working in complex environments will find inspiration in 
the methods demonstrated in this thesis. The lack of data and other technical difficulties should 
not be source of refrain from tackling the challenges of complex environments. This thesis is a 
proof that these information gaps can be finally filled. Local high-resolution data is as important 
as global data. Research in these regions is fundamental and should not be neglected, but 
valorized and integrated with global assessments. Local effects of climate, socio-economic, and 
land dynamics changes represent an early warning of what could happen at the regional to the 
global scale, and the analysis of past phenomena is critical to predict what could happen in the 
future. 

7.3. Future work 

This thesis represents the very first step of a long-term research program. With the dataset 
produced here, we can finally put it to work, opening up to a wide range of research opportunities. 
Future research plans, some of which are currently ongoing, are listed here: 

 Definition of recent fire regime: with fire records spanning over the past 30 years, it is 
possible to depict several parameters describing the current regional fire regime and even 
identify existing trends. However, some parameters such as fire return interval may 
require information over a much longer period, while seasonality requires information at 
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a higher spatial resolution than the 1-year dataset created here. This analysis will help to 
quantify the current pattern of fire occurrence that can be compared with past and future 
patterns. 

 Implement the risk / vulnerability model: the conceptual framework proposed in this 
thesis can be fed with this historical fire dataset coupled with available covariates. 
Prediction of future vulnerable areas using climate and socio-economic change scenarios 
will add an extra layer of information for land managers, assisting them in defining 
policies and the allocating of fire prevention resources. 

 Research focus on the relationship between land use and wildfire: in particular land 
fragmentation caused by fire and, inversely, habitat merging (previously separated 
patches being connected again) caused by agriculture and pasture abandonment in the 
mountain environment. 

 As a continuation of the work presented in Chapter 5, an in-depth assessment of 
vegetation recovery patterns in targeted areas would be a logical step. We hypothesize 
that the vegetation of northwest Yunnan is turning into more flammable ecosystems, with 
pine species colonizing other areas, also due to extensive tree planting policies. 

 Test, adapt, and improve the present fire extraction methodology in other regions. 
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(Lin et al. 2004; Allen Consulting Group 2005; Lassoie et al. 2006; Key 2006; Lavorel et al. 
2007; Ma et al. 2007; O’Brien et al. 2007; Sherman et al. 2007; Chuvieco, Englefield, et al. 
2008; Krawchuk and Moritz 2009; Merino-de-Miguel et al. 2010; Bastarrika, Chuvieco, and 
Martin 2011; Stroppiana et al. 2012; Fellmann 2012; Koutsias et al. 2013; Veraverbeke et al. 
2014; Su et al. 2015; Tang 2015; Li, Hughes, et al. 2017; Chen et al. 2017; Xiao et al. 2017; 
Chompuchan and Lin 2017; Woźniak and Aleksandrowicz 2019; Fornacca et al. 2020) 
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All websites have been accessed and controlled on February 15, 2021. 

ALOS World 3D – 30m (AW3D30): https://www.eorc.jaxa.jp/ALOS/en/aw3d30/index.htm 

Canadian National Fire Database: http://cwfis.cfs.nrcan.gc.ca/ha/nfdb/ 

China Statistical Yearbooks: http://www.stats.gov.cn/english/Statisticaldata/AnnualData/ 

Chinese National Bureau of Statistics: https://www.stats.gov.cn/tjsj/. 

Convention on Biological Diversity: https://www.cbd.int/mountain/ 

European Space Agency Climate Change Initiative (ESA-CCI): https://climate.esa.int/en/esa-climate/esa-cci/ 

European Space Agency Landcover product: https://climate.esa.int/en/projects/land-cover/ 

FAO Mountain Partnership: http://www.fao.org/mountain-partnership/ 

Fire_CCI Pixel BA version 4.1: https://catalogue.ceda.ac.uk/uuid/bcef9e87740e4cbabc743d295afbe849/ 

Global Administrative Boundaries project: https://gadm.org/ 

GlobeLand30 project: http://www.globallandcover.com/ 

Google Earth Engine: https://earthengine.google.com/ 

GRASS GIS software: https://grass.osgeo.org/ 

Harris Geospatial, ENVI software: https://www.harris.com/solution/envi/ 

MODIS Landcover yearly product (MCD12Q1): https://lpdaac.usgs.gov/products/mcd12q1v006/ 

Mountain Research Initiative: https://www.mountainresearchinitiative.org/ 

OpenCV project: https://docs.opencv.org/ 

Orfeo Toolbox: https://www.orfeo-toolbox.org/ 

QGIS software: http://www.qgis.org/ 

SAGA GIS software: http://www.saga-gis.org/ 

Switzerland’s Swissfire database: http://www.wsl.ch/swissfire/index_EN 

The Nature Conservancy: https://www.nature.org/ 

UNESCO World Heritage Sites: http://whc.unesco.org/en/list/ 

United Nations Sustainable Development Goals: https://sdgs.un.org/goals/ 

United States Geological Survey EarthExplorer: https://earthexplorer.usgs.gov/ 

University of Maryland MODIS Fire repository: http://modis-fire.umd.edu/ 
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Appendices 

Appendix A 

 

 
Figure A1. Proposal for a structuring of the most important categories and parameters describing fire regimes. Image courtesy from Krebs et al. (2010). 
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Appendix B 

 
Figure B1. Illustration of the core concepts of the WGII AR5. Risk of climate-related impacts results from the 
interaction of climate-related hazards (including hazardous events and trends) with the vulnerability and exposure 
of human and natural systems. Changes in both the climate system (left) and socioeconomic processes including 
adaptation and mitigation (right) are drivers of hazards, exposure, and vulnerability. From IPCC (2014b) 
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Appendix C 

 

Figure C1. Integrated fire research framework employed in the study of Lavorel et al. (2007). The following caption 
is reported from the original publication. The framework presents relationships among different compartments of 
the human-environment system involved in fire causes and effects. These are organized into one control loop on 
fire regimes (FR, red box and arrows) and two feedback loops, the first one driving consequences of fire for 
biophysical and biochemical processes (F1, blue box and arrows), and the second one (F2, yellow box and arrows) 
driving consequences of fire for ecosystem services and land use. Full arrows indicate topics of direct concern to 
integrated fire research, while dotted arrows represent other important, often indirect effects. Arrows representing 
different causes (C) and effects (E) are numbered as referenced in the text. 
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Appendix D 

Table D1. Dates of Landsat scenes used in the time-series. 

 131041 131042 132040 132041 132042 133040 133041 

1986 1987-01-21 1986-11-02 1986-11-25 1987-02-13 1986-12-11 1986-12-02 1986-12-02 

1987 1988-02-09 1988-02-09 1987-11-28 1987-11-28 1987-11-28 1988-02-07 1987-12-21 

1988 1988-12-25 1988-12-25 1988-11-14 1988-11-14 1989-03-06 1988-12-31 1988-12-31 

1989 1989-11-26 1989-11-26 1990-01-04 1989-12-03 1990-01-04 1989-11-24 1989-11-24 

1990 1990-12-31 1990-12-31 1990-11-20 1990-11-20 1990-11-20 1990-11-27 1990-12-13 

1991 1991-12-18 1991-12-02 1991-11-07 1991-11-07 1991-11-23 1991-12-16 1991-12-16 

1992 1992-11-18 1992-11-18 1992-12-27 1992-12-11 1992-12-11 1992-11-16 1992-11-16 

1993 1994-01-08 1994-01-08 1993-11-28 1993-11-28 1993-12-30 1993-12-05 1993-12-05 

1994 1994-12-26 1995-01-11 1994-11-15 1994-11-15 1995-02-03 1994-11-22 1994-12-24 

1995 1996-02-15 1996-02-15 1996-02-06 1996-02-06 1996-02-06 1995-10-24 1995-11-09 

1996 1996-12-31 1996-12-31 1996-12-22 1996-12-06 1996-11-20 1996-12-29 1996-12-29 

1997 1998-01-03 1998-01-03 1997-11-07 1997-10-22 1998-01-10 1997-10-29 1997-10-29 

1998 1999-02-07 1999-02-07 1998-12-28 1998-12-28 1998-12-28 1998-12-03 1998-12-19 

1999 1999-11-22 1999-11-22 1999-10-28 1999-11-29 1999-11-29 2000-01-07 2000-01-07 

2000 2001-02-12 2001-02-12 2001-01-18 2001-01-18 2001-01-18 2000-12-24 2000-12-24 

2001 2002-02-15 2001-12-13 2001-12-04 2001-12-20 2001-12-20 2001-11-25 2001-12-11 

2002 2003-01-17 2003-01-01 2002-12-07 2002-12-07 2003-01-08 2002-10-27 2002-12-14 

2003 2003-12-03 2003-12-03 2003-11-24 2003-12-26 2004-02-12 2003-11-15 2003-12-01 

2004 2005-01-06 2005-01-06 2004-12-12 2004-12-12 2004-12-28 2004-12-03 2004-12-19 

2005 2006-01-25 2006-01-25 2005-11-13 2005-10-12 2006-02-01 2005-11-04 2005-11-04 

2006 2006-12-11 2006-12-11 2006-12-02 2006-10-31 2006-10-31 2006-12-25 2007-01-26 

2007 2008-02-16 2008-04-20 2008-02-23 2008-02-23 2008-03-10 2008-03-01 2008-03-01 

2008 2009-02-18 2009-02-18 2009-01-24 2009-03-13 2009-01-08 2008-11-12 2008-11-12 

2009 2010-02-05 2010-02-21 2010-02-12 2009-12-10 2009-12-10 2010-01-18 2010-01-18 

2010 2011-01-07 2011-01-07 2010-12-29 2010-12-29 2010-12-29 2010-12-20 2010-12-20 

2013 2013-11-12 2013-12-30 2013-12-05 2013-12-05 2014-01-22 2013-11-26 2013-11-26 

2014 2015-01-02 2015-02-03 2014-12-24 2014-12-24 2014-12-24 2015-01-16 2015-01-16 

2015 2016-01-05 2016-01-05 2015-11-09 2015-11-09 2015-12-27 2016-01-19 2016-01-03 

2016 2017-01-23 2017-01-23 2016-12-13 2016-12-13 2017-01-14 2017-01-21 2017-01-21 

2017 2017-12-25 2017-12-25 2017-12-16 2017-12-16 2018-01-17 2017-12-07 2017-12-07 

2018 2019-01-13 2019-01-13 2019-01-20 2019-01-20 2019-01-04 2018-12-26 2018-12-26 
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Appendix E 

 

Figure E1. NBR-MODIS time-series of savanna (black curve) and Closed Savanna Woodland (red curve) before 
and after standardization. The standardized temporal curves homogenize and highlight the fire event, which reached 
different types of vegetation. Figure and caption from de Carvalho Júnior et al. (2015). 
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Appendix F 

 

Figure F1. Visualization of a fire polygon and its attribute table the QGIS software, created with our 
methodology. 
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