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1 context 

1.1 Biodiversity erosion 

Since the last century, the rapid development of technologies strongly impacted the human 

population growth and way of life. As a consequence, dramatic effects were observed on earth 

ecosystems, durably altering their integrity and functionality (Vitousek et al., 1997). Those impacts 

are the result of a combination of anthropogenic activities at multiple intensities, time and spatial 

scales (Gosselin and Callois, 2018), leading to the classification of 11 167 species as threatened, 

including 24% of mammals and 12% of birds species (IUCN 2002). The main causes can be divided 

into three categories:  

• Habitat fragmentation and alteration: a vast majority of the landscapes are nowadays 

shaped by the anthropogenic activities, mainly due to the growing urbanization (Antrop, 

2004), the intensive agriculture and the overexploitation of natural resources (Haddad et al., 

2015). Those activities are inducing a change in landscape structure and composition, 

making it heterogeneous and fragmented. The fragmentation is characterized by two effects, 

habitat loss, and isolation of the remaining habitat in patches of various areas (Andren, 

1994).   

• Invasive species: the increase of exchanges between continents leads to the transfer of 

species outside their distribution range. Some of those species highly compete with native 

species, thus deeply impacting native ecosystems (Clavero and García-Berthou, 2005). Those 

invasive species concern a wide variety of taxa, from protozoa (toxoplasmosis (Aguirre et al., 

2007)), insects (mosquitoes (Atkinson and LaPointe, 2009)), mammals (cats, (Medina et al., 

2011)), reptiles (brown tree snake (Wiles et al., 2003), to plants (Japanese knotweed (Gerber 

et al., 2008)). 
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• Climate change: temperature increase in the late 20th century above the natural expected 

climate variation has been evidenced (Crowley, 2000). The emission of greenhouse gas is 

mainly responsible for this climate change. This temperature rise has multiple direct and 

indirect impacts on earth ecosystems. It may cause the change in the occurrence of extreme 

climatic events and species range shift (Easterling et al., 2000). In addition, the rise of the 

ocean temperature and its acidification is causing the coral reef bleaching (Hoegh-Guldberg 

et al., 2007) thus indirectly impacting greatly the fauna. Furthermore, climate change may 

induce deep changes in the water cycle (precipitation and snow cover) which may produce a 

shift in forest composition, productivity (Lindner et al., 2010), and impact greatly species 

adapted to mountains ecosystems (Imperio et al., 2013). 

In this context of global biodiversity erosion, efficient and sustainable management actions are 

needed and encouraged to preserve ecosystems. However, managing ecosystems is a challenging 

task that has to take into account the multiple impacts described above and at the same time 

maintain the use of those ecosystems by the human populations (e.g. agriculture, forestry, leisure 

activities). In the specific case of endangered species conservation, the management actions are 

crucial and urgent as the number of individuals constituting those populations is usually very low 

making it difficult to reverse the current trends. Those actions can be of diverse types but usually 

involve projects such as the creation of a protected area, the restoration of a species habitat or the 

translocation of individuals to establish a new population (from another wild population or from 

captive reproduction program). The question of the choice of spatial location and of the area extent 

is inherent to all such projects. Efficiency and feasibility need thus to be carefully evaluated to ensure 

the success of the action. In particular, due to the limited resources available for such projects, 

actions types and locations must be prioritized in terms of time and cost (Moilanen et al., 2011). The 

prioritization process thus induces that choices must be made in accordance with the objectives and 

constraints. Mainly, two questions are raised to ensure best the success of the action:  
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• What type of action should be planned? 

➢ Long or short terms actions 

➢ Special skills or material evaluation 

➢ Actions efficiency  

• Where this action should be applied? 

➢ Surface choice 

➢ Location (s) choice 

The problem of spatially prioritizing the actions when the study area is large, to address both 

conservation and cost efficiency, is a challenge and is in the heart of this project. 

1.2 Local context 

In the Jura massif (France), the fate of two emblematic forest birds: the Capercaillie (Tetrao 

urogallus) and the Hazel Grouse (Bonasa bonasia) is depending for the first on future management 

actions and for the second on a better knowledge of the species population’s dynamics and 

occurrences. Those two species are threatened by multiple causes at short and long terms. The major 

cause among those threats is habitat loss and fragmentation. Indeed, the two species have specific 

requirements regarding the forest vertical and horizontal structure and composition. Yet, the forests 

are mainly shaped by forestry practices, which have an important role to play in the future of the two 

species in the Jura massif. Indeed, the adaptation of the forestry activities to the species requirement 

may help to increase the availability of good quality habitat. If the Capercaillie populations’ 

occurrences are widely known in the Jura massif and thus are already the target of conservation 

actions, little is known on the Hazel Grouse population’s presence due to a wider potential area of 

occurrence and to its secretive behavior. 
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The two species populations are studied by the Non-Governmental Organization (NGO) Groupe 

Tétras Jura. The work of Groupe Tétras Jura is focused on four different components:  

• Population monitoring to follow up the two species dynamics in the Jura Massif together 

with the ONCFS (National Hunting and Wildlife Agency) 

• Habitat quality appraising in the context of forestry activities that can affect the populations 

at short-term 

• Public outreach nearby both residents and tourists 

• Leading activities aiming to protect the bird populations 

The opportunity to use two Light Detection and Ranging (LiDAR) datasets that cover a major part of 

the distribution of the two species in the Jura massif initiated the project to map for each species the 

quality of the habitat with the aim to support future forest management actions in favor of 

Capercaillie and future survey protocol for Hazel Grouse. Thus, this PhD project aims to propose 

habitat suitability predictions over the study over for each species with the hope to better plan 

management or survey actions.  

1.3 Species Distribution models: a tool for management 

Species Distribution Models (SDMs or often referred to Habitat Suitability Models or Ecological Niche 

Models in the literature) are widely used with the aim to support conservation actions (Franklin, 

2009a). Indeed, such models describe the relationship between a species observations and 

environmental variables, allowing us to get information on the response to the environment and to 

spatially predict the habitat suitability under current or future conditions (Elith and Leathwick, 2009; 

Franklin, 2009b). The rise of SDMs as tools for species conservation is highly correlated with the 

emergence of remote sensing, that provides information on the landscape cover characteristics over 

large scales (Bradley and Fleishman, 2008). Thanks to those attributes, the used of SDMs can support 

decisions at multiple stages and for different types of conservation projects: 
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• Identifying the environmental niche of the target species. This can lead to decisions such as 

essential habitat restoration and protection (Angelieri et al., 2016; Conde et al., 2010) 

• Proposing new sites for future surveys of rare species (Guisan et al., 2006; Marcer et al., 

2013) 

• Selecting future protected area locations for one or multiple target species (Arcos et al., 

2012)  

• Identification of suitable areas for species translocation (from wild populations or captive 

reproduction) (Schadt et al., 2002) 

• Identifying the risk of biological invasion and target areas for pest control (Ficetola et al., 

2007) 

1.3.1 The problem of the transferability of the results 

Thanks to those characteristics SDMs have already been successfully used to ensure the realization of 

different conservation actions showing the high potential of those methods (Guisan et al., 2013). The 

case of Madagascar is representative of a successful use of SDMs to target new areas for 

conservation (Kremen et al., 2008). Indeed, multi-taxa SDMs were created leading to the spatial 

prioritization for future protected areas. It was followed by a legal degree that outlaws mining and 

forestry activities in those areas. However, despite the increasing number of studies aiming to 

support conservation actions, only 1% of the published papers reviewed by Guisan et al. (2013) were 

truly addressing conservation decisions. This gap between research results and the realization of 

concrete conservation actions is an established problem which is not specific to the use of SDMs 

(Arlettaz et al., 2010; Knight et al., 2008). It is characterized by the fact that the knowledge produced 

by research regarding models outcomes is not turned into actions due to differences between the 

two communities (objectives, work daily activities, career). This incomprehension from managers was 

classified into three main categories by Addison et al. (2013):  
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• The role of models in decision making:  

➢ Models are not needed, expert knowledge is sufficient  

➢ Lack of resources to lead such projects 

• Modeling practices: 

➢ The manager conceptual understanding of the context is not represented by models 

➢ Models do not capture social and economic factors 

➢ Models are too complicated or too simple 

➢ There are no sufficient or adequate data for modeling  

• Model outputs:  

➢ Scientist communication is not well understood by managers  

➢ Model outputs are too uncertain to be useful 

In this thesis, the need for models initially came from managers, thus the role of models in decision 

making was not negated.  

However, to ensure the success of the project, a contribution was needed in order to obtain models 

that will be reliable and understood by managers. Three key points were thus identified and 

constructed the framework of the thesis.  

• Models should be reliable, even with the use of heterogeneous observation datasets 

• Models should fit the ecological conceptual understanding of managers and be easy to 

interpret 

• The communication of the results should be accessible to everyone 
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1.3.2 Relevant modeling practices 

Models outcomes are depending on multiple factors and the challenge is to identify the fundamental 

insight that will lead to uncertain and biased results. Three main issues are generally highlighted: 

• The choice of environmental variables (Fourcade et al., 2018; Johnson and Gillingham, 2005) 

➢ If one important variable for the species is not is the models, major causes 

influencing its distribution may be missed 

➢ Ecologically irrelevant variables may still be found to be influencing the species 

distribution 

• The characteristics of the species datasets (Cardador et al., 2017; Phillips et al., 2009) 

➢ Biased datasets (in space or time) may lead to poor model predictions, representing 

more the survey characteristics than the species distribution. 

• The choice of spatial or temporal scales (Arkle et al., 2014; Graf et al., 2005) 

➢ Individuals are influenced by their environment at multiple spatial and temporal 

scales, thus missing the effect of one major variable at a particular scale may lead to 

poor models predictions and performances. 

Those uncertainties can be measured using different models’ evaluation methods, thus giving an 

estimate of the reliability of the results. However, this efficiency remains questionable as 

demonstrated by  (Fourcade et al., 2018), where models based on non-biological variables (painting) 

were evaluated to be as good as models based on realistic environmental variables, showing that the 

initial choice is critical. Similarly, the choice of spatial and temporal scales should be based on 

previous knowledge on the species ecology in order to give relevant results. The influence of the 

species dataset characteristics (sample size, sampling spatial bias, presence only data versus 

presence-absence data) on models uncertainties has been widely demonstrated (Kramer‐Schadt et 

al., 2013; Reddy and Dávalos, 2003). Nevertheless, a large part of the studies fails to take this into 
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account (Yackulic et al., 2013). Thus, the conception of reliable models is essential to support 

conservation actions and but requires that a careful attention should be given to those three aspects.  

As a consequence, the first steps of this work were consecrated to the choice of the environmental 

variables and spatial scales and to the evaluation of the sampling bias. Taking the opportunity given 

by the specificities of the datasets the exploration of new insight was conducted. This will be 

described in details later (Chapter 2) due to their high dependency on the general context, the 

species ecology, the aims of the project and datasets characteristics. 

1.3.3 Conceptual understanding 

To fill this gap between scientists and managers, closer collaboration between researchers and 

decision makers should be promoted, with the aim for researchers to have a clearer vision of the 

managers’ needs and of the specificities related to the targeted species and areas (Villero et al., 

2017). Elements such as expected outcomes or future intent actions could be discussed as a first step 

in order to improve the transferability of the results to practitioners (Guisan et al., 2013).  

The use of environmental variables that will be pertinent for managers and that will meet their 

conception of the problem may be a main contribution to models transferability improvement. In 

many studies, the use of environmental variables such as climatic condition (rain, temperature), 

surface cover type (forest, grassland and wetland) is not problematic, and easily understandable by 

everyone, but variables extracted from remote sensing datasets are not always easy to interpret. 

Indeed, the use of ratio or index could be obscure and often does not fit the perception of the 

environment by managers. Thus, for this project, the proposition of LiDAR environmental variables 

that will be easily interpretable was a fundamental point. Indeed, in the field of conservation biology, 

LiDAR extracted metrics used in SDMs were so far calculated to our knowledge using the 

conventional point-cloud area-based method which may not be easy to interpret and used by 

managers at the operational scale.  
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1.3.4 Communication  

The use of a “translator” between research and managers that will clearly communicate the 

contribution of scientific knowledge has been proposed to improve the use of models results in 

conservation actions (Guisan et al., 2013). However, this transmission to an audience that often does 

not have the necessary background to fully understand the strengths and limits of the methods is a 

challenge. As the main results of this work aim to be published in scientific articles, additional reports 

targeting managers were produced, with the aim to improve the future use of the model results. In 

addition, a restitution of the results to managers from the National Forestry Office (ONF), the 

National Hunting and Wildlife Agency (ONCFS), National Natural reserve of the Haute Chaine du Jura 

(RNNHCJ), and Groupe Tétras Jura is also programmed. This restitution aims to show a concrete 

example using the model results to answer to manager’s interrogations and to help them to handle 

the produced files.  

1.4 Synthesis 

The use of SDMs in conservation biology is still to be improved, and the main aspects that need 

further improvement can be divided in two categories: (1) implement relevant models regarding the 

datasets provided for the study, (2) improve communication and facilitate the understanding of the 

results by managers. 

Both components are thus highly dependent on the data available and of the objectives defended by 

managers. As a consequence, the final objectives developed in this thesis can only be defined after 

the evaluation of the specificities of the datasets and of the target species characteristics. Hereafter, 

the use of LiDAR environmental variable in SDMs will be presented in a first part and, the two 

problematics surrounding the two target species will be introduced in a second part. Finally, the 

definition of the objectives and hypothesis development in this thesis will be presented. 
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2 Remote sensing: the rise of LIDAR 

2.1 Remote sensing for SDMs 

As previously stated, the choice of pertinent environmental variables is one of the first critical step 

encompassing SDMs. The necessity to obtain results that cover large spatial extent made the use of 

remote sensing data indispensable as field data cannot be collected at such scales. Remote sensing is 

defined as the process of monitoring physical characteristics at a distance from the targeted object. 

Those methods can passive or active and comprise satellite or aerial imagery, RADAR and LiDAR. 

Satellite imagery has been used to map vegetation cover since 1970, thanks to spectral, temporal 

and textural differences between landscape elements. It was later used with success as an 

environmental variable in SDMs (Bradley and Fleishman, 2008). More recently, due to its recent 

development LiDAR is emerging as a powerful tool for SDMs.  

2.2 LiDAR: history and definitions 

LiDAR is a remote sensing technique that can calculate the distance between an object and a device, 

by emitting a laser pulse (near-infrared 0.8 to 1.55µm of wavelength) and measuring the time passed 

between the impulsion and the return signal after being reflected by the object. The first LiDAR 

systems were created in 1960-1970. At the beginning only ground base system was used but soon 

with the main progress of GPS spatial positioning, the system was boarded in aircrafts or satellites to 

obtain images of the earth surface (Figure 1). It was also used for ocean floor cartography 

(bathymetry). LiDAR datasets can provide the coordinates and altitude of a part of an intercepted 

object and by a high pulse frequency a three-dimensional point cloud of this object can be obtained. 

The first commercial sensors in 1990 were characterized by a pulse frequency of 10kHz (Baltsavias, 

1999). Today, the pulse frequency can be up to 400kHz. Thus, we can obtain datasets with a high 

number of points per square meters. At first, only one return or echo was recorded for each laser 

pulse, but as they may be multiple objects on the laser trajectory, more than one signal can be 
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reflected from a single emitted pulse. Multi-echoes systems were then developed to store more than 

one echo, usually the first and the last one (Mallet and Bretar, 2009). This characteristic is especially 

useful in a forest environment where a first echo will typically be reflected by the tree canopy top, 

while a part of the signal continues below the leaves and branches and potentially giving additional 

echoes from the under-canopy. Ultimately if the vegetation is not too dense (ideally during the leaf-

off season) the last echo will represent the ground. In addition, laser scanning systems can now 

record full-waveform signals, by sampling the reflected signal with a high frequency of 1Ghz (Mallet 

and Bretar, 2009) giving a continuous and precise return signal.  

Figure 1 : LiDAR system measurement 

 

  



Chapter 1: Introduction 

24 
 

The main components of LiDAR operating systems are: 

• a laser system (laser, transmitting and receiving optics) 

• a position and navigation system (Global Navigation Satellite System receiver and Inertial 

Measurement Unit) 

• a data storage device 

Once the data is collected a post-processing phase is necessary. This part aims to calibrate GPS 

positions (using ground reference points) and to detect aberrant points. Afterwards, a classification 

of the echoes between categories such as vegetation, ground, and buildings can be done. At this 

step, a digital terrain model can be created using the points classified as ground. Generally, the 

precision of the point data is of 25-30cm horizontally and 10-15cm vertically. 

Nowadays, LiDAR is used in multiples fields such as archeology, ecology, topography, geosciences, 

and meteorology.  

2.3 LiDAR in ecology and conservation biology 

Due to their high precision and to the always wider coverage availability, LiDAR data are becoming a 

powerful tool. It has been used in multiple ecosystems studies from tropical (Clark et al., 2004) or 

temperate forests (Müller et al., 2017), to urban areas (Klingberg et al., 2017) or coral reefs (Purkis, 

2018). The three dimensional (3D) characteristics of LiDAR allow us to study the structure of the 

environment both vertically and horizontally. In addition, this can be done from a very fine scale (e.g 

tree individuals) to larger scales (e.g some countries like Switzerland or Denmark are entirely covered 

by LiDAR). LiDAR shows a high importance when studying forest ecosystems. Indeed, the 3D 

structure of the forest is difficult to evaluate by field measurements in particular when working on 

the canopy characteristics. At first, LiDAR data was mainly used for ground topography (under dense 

vegetation cover), overall 3D structure measurement, forests ecosystems functionalities, and 

prediction of forest stand attributes (Lefsky et al., 2002). Thus, applications in forestry were soon 

found to be common and new developments involving the extraction of objects such as trees and 
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associated variables (location, crown volume estimation, and species identification) using machine 

learning algorithm were used as forest’s inventories complement, (Dassot et al., 2011). Other useful 

information can be calculated over a large area such as the timber volume, the density of trees, the 

basal area and the diameter at breast height estimations. All the variables presented can have direct 

application in the field of forest management (Dassot et al., 2011).  

Forest ecosystems cover a large part of the landscape thus containing a large proportion of the 

wildlife present on earth. The characteristics of the forest ecosystems outside the abiotic conditions 

are mainly driven by the plants’ species occurrences. The species assemblage specificities through 

close interactions with animals are shaping their distributions. However the plants species 

constituting the forest are not the only factor influencing other species distributions pattern: at the 

local scale, the forest structure influence was highlighted to be an important aspect as well. Indeed, 

the different 3D structures provide a diverse availability of micro-habitats that can have a direct or an 

indirect effect on individuals (Milling et al., 2018). The variation of height and vegetation density 

influences many other parameters such as light inflow to lower layers, local temperature or humidity. 

Thus, highly structured landscape supports the presence of a large diversity of niche affecting directly 

the ecosystem biodiversity. The 3D structure also influences animal’s behavior with structures that 

can provide shelter from predators (or not), obstruct or improve movement or vision and cause 

variation in food availability. The impact of 3D structures was studied for many taxa including flying 

animals birds, bats, invertebrates (Fabianek et al., 2015; Froidevaux et al., 2016; Weisberg et al., 

2014) and also non-flying mammals (e.g primates) (Palminteri et al., 2012). Flying animals such as 

birds and bats move in three dimensions, and thus many studies integrating vegetation structure 

were developed for those species. Indeed, the structure of the vegetation plays a large role in their 

ecology, from movement behavior to micro-habitat selection. Parameters such as vertical 

distribution diversity, canopy cover variations, vegetation heights, understory density were found to 

have an impact on flying species presence and global biodiversity (Flaspohler et al., 2010; Goetz et 

al., 2007; Müller et al., 2010; Vogeler et al., 2014). The unique characteristics of LiDAR which have 

demonstrated a potential high importance when studying spatial occupancy of flying species making 
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it a powerful tool for modeling habitat suitability of endangered avian species (Bergen et al., 2009; 

He et al., 2015; Tattoni et al., 2012a). As Capercaillie and Hazel Grouse are two avian species 

associated with forests ecosystems, LiDAR is a promising tool for describing important structural 

components for each species. 

3 Two emblematic species from the JURA massif: a need 

for reliable spatial predictions 

3.1 The Galliform order 

The galliform order contains species distributed among five families: Numididae, Odontophoridae, 

Phasianidae, Megapodiidae and Cracidae. The family Phasianidae regroups multiple sub-families 

such as pheasant, quails, pavonine and grouse. The grouse sub-family, also known as Tetraonidae, is 

represented by 19 species, occurring in Europe, Asia and North America. Those birds are all adapted 

to cold winters with various strategies and are known to favor walking for their daily movement. 

Among the species, some are highly distinctive by their weight and size, as the greater sage grouse 

(Centrocercus urophasianus) or the Capercaillie. In France, four species can be observed, the 

Capercaillie, the Black Grouse (Tetrao tetrix), the Rock Ptarmigan (Lagopus mutus) and the Hazel 

Grouse. 

3.2 Capercaillie 

3.2.1 Species description 

Two sub-species are documented in France Tetrao urogallus major and Tetrao urogallus aquitanicus. 

During the last Glacial maximum (-0.2My) the species retreated to South Asia. After this event, the 

population expanded again through Europe replacing and pushing the aquitanus clade to the south 

of its distribution range (Duriez et al., 2007). The Capercaillie is a highly dimorphic species were the 

males or cocks weight between and 2.6 and 6kg and the female or hens only 1.5 to 2.2kg for the 
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major sub-species (Figure 2). The sub-species aquitanicus is smaller, male weight around 2.6 to 4.2kg 

and female 1.2 to 2kg. Their plumage is also different between sexes. Males plumage is composed in 

majority of black feathers, with brownish reflect on wings and greenish colors on the chest. Cocks 

also have a red eyebrow and a particular fan shape for their tail feathers. Females have a more 

cryptic plumage composed of brown with white and black barring. The coloring is more orange on 

their chest. Both cocks and hens have feathers on their legs to protect them from the cold in winter. 

The plumage for the aquitanicus sub-species shows some variation where males have darker feathers 

and female have a less orange chest than the major sub-species (Couturier 1980). This species is 

known to walk a lot in the forest, thus they have along their toes small horns tacks which provide 

snowshoes ability in winter.  

Figure 2 : Male and female Capercaillie 

 

  

Bernard Bellon 



Chapter 1: Introduction 

28 
 

3.2.2 Areas of occurrences 

Tetrao urogallus major is found from the Jura massif at its western range limit of occurrence, to the 

Scandinavian boreal forest, the Oural Mountains in Russia and Mongolia (Figure 3). A reintroduced 

population is also occurring in Scotland. 

Figure 3 : Capercaillie distribution range 

 

In France, four remaining population are known (Figure 4). The unique population of the sub-species 

Tetrao urogallus aquitanicus is found in the Pyrenean Massif (4000 individuals). In France, the three 

other populations belong to the sub-species Tetrao urogallus major, and are found in the Cevennes 

(reintroduced, 50 individuals), the Jura (500 individuals in the whole massif France - Switzerland, 250-

340 in France) and the Vosges massifs (100 individuals)1.  

  

                                                           
1 http://www.observatoire-galliformes-montagne.com/Grand-Tetras.html 
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Figure 4 : Capercaillie presence in France with a zoom in the Jura massif study area (OGM, 
2009). 

 

3.2.3 Reproduction 

Capercaillie is a polygamous species. Social interactions are important in the reproduction process 

due to the distinctive mating behavior of Capercaillie. Indeed, males meet at the display place (lek) in 

late winter (around April in Jura Mountains), usually in the early morning and late evening before 

sunset. Thus, their territories are usually located within 1 km around the lek, allowing them to come 

back every year to the same place to display and mate (Wegge and Rolstad, 1986). Because of this 

social behavior, bird (both male and female) density might seem higher closer to the lek places 

during that period. Those places are often characterized by a low canopy cover or clear-cuts, roosting 

trees should be available as well. Females join the display place after the two first weeks of parades 

and will choose the dominant male among all the present cocks. Females are nesting on the ground 

and raise the chicks through late spring and summer alone. 
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Figure 5 : Habitat of good quality for 
Capercailllie 

3.2.4 Habitat needs 

French Capercaillie populations represent the south-east border of the species range. Consequently, 

birds are living in forests quite different from the usual boreal forest where the major part of the 

worldwide population is found, showing a form of plasticity concerning their habitat selection. In the 

Jura Massif located in both France and Switzerland, Capercaillie is found in mixed beech-fir forests 

(Vittoz, 1998) and spruce-lapiaz forest between 800 and 1500 m (Figure 5). As the species overwinter 

their habitat requirement differs according to his seasonal needs. Capercaillie has large habitat 

requirement as its home range size is an average of 550 ha (Storch, 1995) but is more likely to be 150 

ha in the South of Europe and in the Jura Massif Capercaillie home range is known to be even 

smaller: 60 ha (A. Depraz pers. comm.). This home range should provide habitat suitable for each 

seasonal need. The knowledge of the bird all-year-round habitat requirements is essential when it 

comes to species conservation and habitat management. Thus, thereafter, the knowledge from 

previous studies and expert knowledge for each season are presented. 

Capercaillie developed a behavioral adaptation to 

survive to challenging meteorological conditions in 

winter. This wintering behavior is essential as it attempts 

to minimize heat and energy loss as well as predation 

risk. Indeed, individuals are reducing energy expenditure 

by slowing their daily activities actions (2-3 hours per 

day) (Gjerde and Wegge, 1989a) and by avoiding 

unnecessary movements such as walking and flying. 

Thus, individuals select a few trees where they will feed 

(feeding trees) and perch for resting (roosting trees) 

during the whole winter season and at the same time 

minimizing the distance they have to fly or walk between 

A. GLAD 
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feeding and roosting trees. During this season, birds feed exclusively on abundant conifer needles in 

the majority from Scots pine (Pinus sylvestris) if available or from other conifers, like Pinus uncinata 

or European silver fir (Abies alba). However, roosting trees are usually deciduous trees and in the 

Jura Mountains, Capercaillie uses mainly beech trees (Montadert, n.d.). Furthermore, birds select 

trees that allow a good detection of predators and a safe way to escape by choosing large trees with 

one or more aisles (Thiel et al., 2007). This observation was also made by (Sachot et al., 2003a) in 

western Switzerland. Indeed, they observed that Capercaillie was avoiding dense canopy cover and 

more globally young forest stage (such as regeneration, thickets, pole stage, spruce cover, and 

understory beech), preferring high canopy and under-canopy fir as well as grazed forest areas in 

winter. We also have to keep in mind that habitat range is also influenced by habitat preference in 

other seasons and by social interactions (display places) (Storch, 1993a). 

Spring and summer are corresponding to the nesting and rearing period. Thus, females and chicks 

require specific habitats with furnished herbaceous and good ground cover with high bilberry 

(Vaccinium myrtillus) density (Figure 6). This particular habitat has multiple advantages. First of all, 

this allows a lower risk of nests and brood predation. The ideal height of ground vegetation for 

capercaillie is 40 cm (Storch, 1993b), allowing them to watch for predators and still be hidden by the 

vegetation. Nests are usually located at the edge between old forest stand and clear-cut were the 

density of ground cover is particularly high (Storch, 1994). Secondly, chicks, for the first four weeks of 

their life, feed at 80% on insects and larvae (Wegge and Kastdalen, 2008) which are found in 

abundance in those habitats type. Later in the season, bilberry fruit becomes the main food 

component for four-weeks-old chicks and adults (Storch, 1993b).  
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Figure 6 : Ideal habitat with a dense bilberry cover 

 

In autumn, both young and adult feed on fruits, buds and leaves. During that season bilberry are an 

essential part of the bird’s diet and reach a peak in September (Storch, 1993b). Therefore, in autumn 

Capercaillie are present in high density in this habitat. Bilberry is essential because it allows the birds 

to create fat reserves in order to go through harsh winter. This period is also important because 

young birds are becoming independent and start to disperse within the forest to set up their first 

territory. This supposes the presence of suitable, un-occupied and reachable habitat for each young 

bird. Agricultural land, urban area as well as topographic barriers (such as ridge) are known to limit 

the dispersion of the birds. The main dispersal distance is 10 km, but some individuals were observed 

to disperse to longer distances (Segelbacher et al., 2003). 

3.2.5 Protection status 

The species is classified as Least Concern worldwide and in Europe2 (Storch, 2007). However, the 

species is classified as vulnerable in France by the Liste rouge des oiseaux nicheurs de France 

                                                           
2 https://newredlist.iucnredlist.org/species/2267948 

Groupe Tétras Jura 

https://newredlist.iucnredlist.org/species/2267948
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métropolitaine (Red list of metropolitan French nesting birds3). The Capercaillie is listed in the Bird 

Directive annexes I, II and III which states the bird species for which conservation actions are taken or 

needed. The species is also listed in the Bern Convention (1979), which was approved by several 

countries including France. The Capercaillie is also present in the annexes I of the Habitats Directive 

from the European Natura 2000 network which aims to implement a special protection status on its 

habitat.  

3.2.6 The causes of the population decrease in France 

A continuous reproductive decline of Capercaillie has been observed over the past 80 years due to 

multiple causes in Europe and France (Jahren et al., 2016; Storch, 2007). French populations are small 

and fragmented within and in different mountains chains, making the impact of any disturbance 

critical.  

The first threat to Capercaillie is habitat loss, fragmentation and degradation. The evolution of the 

forestry practices over time influences greatly the proportion of suitable habitats. Indeed, those 

practices determine the structure and the composition of the forest stand. Young forest stand and 

monospecific plantation are known to be unsuitable for the bird. Basically, forestry actions that favor 

a closure of the vegetation are detrimental for the populations. Habitat loss in the Jura Mountains is 

mainly linked to a change in forestry practices. The forest cutting evolved from a traditional uneven-

age management to regular cutting and a shorter time rotation of forest stands, inducing a loss of 

structural diversity in the forest stands (Storch, 2007). In addition, the intensification of the forestry 

activities leads to a rejuvenation of the trees. As a consequence of large clear cutting, an intense 

beech regeneration is observed as well (Vittoz, 1998). Thus, the understory cover once suitable for 

bilberry growing (essential for Capercaillie) is becoming more and more closed and unfavorable. 

Finally, the abandonment of the forest cattle grazing is inducing the recolonization of dense 

herbaceous vegetation areas by fir and beech trees regeneration, losing a part of the Capercaillie 

habitat component.  

                                                           
3 https://inpn.mnhn.fr/docs/LR_FCE/UICN-LR-Oiseaux-diffusion.pdf 
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Another type of threat on Capercaillie populations is the human disturbances intensity. The recent 

boom of outdoor recreational activities such as ski (cross country and alpine), snowshoe in winter 

and hiking, biking in spring and summer has deleterious effects on birds individuals (Coppes et al., 

2017). This is particularly true in winter when the conditions are harsh making the energy loss while 

escaping high. The intensity of the disturbances induces an increase of the flush distance and 

physiological stress response (Thiel et al., 2007, 2008). In addition, alpine ski infrastructures provoke 

deadly collisions with ski-lift cables which are thought to be non-negligible (Buffet and Dumont-

Dayot, 2013). 

The predation is also a threat to the Jura massif population. Historical Capercaillie predators are the 

fox (Vulpes vulpes), the marten (Martes martes) and the northern goshawk (Accipiter gentilis), which 

usually target chicks and young birds. Nowadays, wild boards are present in mountains forests where 

they were not observed before. It is thought that wild board predation pressure on nests and young 

chicks increases greatly when their density increases (Oja et al., 2015).  Predation is an important 

factor of pressure on population dynamics as 90% of juvenile deaths were observed to be induced by 

predation (Wegge and Kastdalen, 2007).   

Last but not least, climate change may have an impact on the Capercaillie future distribution. One 

point is the change of forest composition along the altitudinal gradient, which may induce the 

emergence of a higher proportion of beech at higher elevations. The second point is the temporal 

shift between temperatures increasing in spring associated with vegetation growth and the laying 

and chicks rearing period. The failure of the bird to be synchronized with the bilberry growth and 

invertebrates abundance peak may lead to lower reproductive success (Moss et al., 2001; Scridel et 

al., 2018). Also, further work on Capercaillie response to climate change is needed. The effect of 

increasing occurrence of rainfall event in spring is also believed to decrease chick’s survival in their 

first weeks of life(Moss, 1986). 
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3.2.7 Conservation actions in the Jura Massif 

The conservations actions implemented in the Jura Massif in favor of the Capercaillie are classified 

into two categories:  

• The protection of the habitat  

➢ Protected areas are constituted of the National natural reserve of Haute Chaîne 

du Jura and four prefectural orders for biotope4 protection covering 32% of the 

estimated regular occurrence areas 

➢ Habitat restoration in collaboration with the Forest National Office (ONF), 

involving the claering beech regeneration stands. 

• The control of anthropogenic disturbances  

➢ Capercaillie tranquility clause restricts forestry activities to the July-November 

period outside the critical Capercaillie life stage (wintering and reproduction). 

➢ Installation of visualization system on ski lift cables 

➢ Control of off-trail and off-ski activities in winter  

Among all those actions, this work aims to help managers with the protection of the Capercaillie 

habitat, in particular, to help the decision for future habitat restoration and forestry activities 

management. 

3.2.8 LiDAR variables for Capercaillie habitat model 

LiDAR was already used in three Capercaillie studies mainly for conservation purpose. The 

identification of highly predictive LiDAR variables and of habitat quality among a study region was 

proposed. The choice of the variables was made using the a priori knowledge of the habitat need of 

the species. This can depend on the study area (boreal or temperate mountain forest), on the season 

or on the sex, age of interest. The extracted variables aim to capture both vertical and horizontal 

                                                           
4 http://www.parc-haut-jura.fr/fr/rubriques-editoriales/bonnes-pratiques/concilier-pratiques-hivernales-et-environnement.882-

887__1915.php 
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structure variations in the environment. Graf et al. (2009a) used LiDAR data for habitat suitability 

models in a forest reserve of 17.7km² in Switzerland. The variables used for the models are presented 

in table 1. The resulting models showed moderate performance. A LiDAR only model was compared 

to a LiDAR and satellite extracted image variable were the later was showing the best performance.  

Main contributing variables were the relative tree canopy cover (both linear and quadratic 

responses), indicating that horizontal variations are important for Capercaillie. A more recent study 

in central Europe used LiDAR as well as other predictors for Capercaillie as well. Zellweger et al. 

(2013a) found that vertical complexity variables were accounting the most for the model 

contribution (mainly the standard deviation between the 2nd and 3rd height quantiles). Models 

showed an overall good performance. The last study, in boreal forest, also used LiDAR variable to 

determine Grouse brood occurrences. They showed that brood presence was positively related to 

shrub and canopy cover.  

LiDAR was used to improve Capercaillie habitat models with success. Those studies showed different 

results concerning variable contribution, sometimes showing the importance of horizontal 

heterogeneity and in some other study the importance of vertical heterogeneity.  
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Table 1 : LiDAR variables and their description (Capercaillie models) 

 

Study Ecosystem LiDAR variables Description

Schrub cover 
A shrub_cover value of 50 means that from all the echoes reflected below five meters 50% came from vegetation, not ground. 

The variable describe about the amount of vegetation between the heights of 0.5 and 5 m

Canopy cover
A canopy_cover value of 70 means that 70% of all the echoes reflected above five meters. The variable describes the amount of 

echoes were vegetation is above 5 m of canopy cover

Canopy height
A canopy height value of 22.5 means that 95% of the echoes are reflected below the height of 22.5 m. The value of this 

variableindicates the maximum canopy height, which in the  example case would be 22.5 m

Relative fraction of tree canopy
Calculated from aggregated height information based on Canopy height model (height >3m) by applying a moving window of 125 

m *125 m  

Mean and standard deviation of tree canopy height
Calculated from aggregated height information based on Canopy height model (height >3m) by applying a moving window of 125 

m *125 m  

Focal mean of relative tree canopy Calculated with a moving window of 25 ha

Density of tree canopy edges A contour length per raster cell on Canopy height model at the heights of 10 m, 20 mand 30 m

Standard deviation of quartile A density of points for the 1th, 2nd, 3rd, 4th, 5th, 7th, 8th height quantiles

Multi-storied profile An Index representing the vertical distribution range within the 2nd and 3rd height quartile. 

Patch area Mean patch area for understory, midstory and canopy CHM class. 

Forest gap density Sum of forest gaps, i.e. non-forest patches <1 ha, divided by total forest area in ha. 

% of landscape Percentage of the landscape (1 km2) covered by patches of understory, midstory and canopy CHM class

Clumpy A clumpy index for patches of understory, midstory and canopy CHM class.

Nearest neighbor Mean nearest neighbor distances for patches of understory, midstory and canopy CHM class.

Edge density 
Density of edges (pixel transitions) between two CHM classes, i.e. non-forest/understory, non-forest/midstory, non-

forest/canopy, understory/canopy.

Canopy height heterogeneity Total length of edges (pixel transitions) between understory, midstory and canopy CHM

Topographic position 
Mean and standard deviation of the Topographic Position Index. Measures the exposure of a site in  relation to the surrounding 

terrain. 

Slope Mean and standard deviation of slope

Zellweger et al. 

2013

Jura Mountains, Pre-alpine 

forest, Alpine forest

Melin et al.  2016 Boreal forest

Graf et al.  2009 Alpine forest
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3.3 Hazel Grouse 

3.3.1 Species description 

Hazel Grouse is a secretive and cryptic forest bird and the smallest representative of the Tetraonids. 

Adult’s weight is around 400 grams. The plumage is composed of a fine pattern of brown, black and 

white. Wings are mostly brown while the chest is whitely flicked with black and brown. The tail is 

characterized by a large black strip. A sexual dimorphism is observed between the plumages of each 

sex. Males have a short erectile crest and a white-bordered black throat, which is not found for 

females (Figure 7). As Capercaillie, this species is adapted to harsh winter conditions with along their 

toes small horns tacks and after-feathers (hyporachis) to survive to negative temperatures. 

Individuals life expectancy is of 3 to 4 years also a large part of the juvenile will not survive their first 

year. 

Figure 7 : Male Hazel Grouse 

 

 

  

Jean Lou Zimmerman 
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3.3.2 Area of occurrence 

 

The Hazel Grouse populations are widely distributed from Europe to Asia. The populations present at 

the east of France are in the western border of the species range. Hazel grouse is present in 

Scandinavia, in the Balkan countries, and a major part of its occurring range goes through Russia 

(Figure 8).  At the eastern border, populations are present in Hokkaido (Japan). 

Figure 8 : Hazel Grouse distribution range 

 

In France, different populations are known and are located in the Alps, Jura, Vosges and Ardennes 

massifs (Figure 9). If the species showed a restriction of its occurring range at the lower elevation 

(Jura, Vosges, Ardennes), the population present in the Alps has been expanding during the last 

decade (Montadert and Léonard, 2006). 
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Figure 9 : Hazel Grouse population repartition in France and in the Jura massif study area 

 

3.3.3 Reproduction 

Hazel Grouse is a monogamous species, where the couple is living on a 20-40 ha territory. Contrary to 

the Capercaillie, males are not concurring on a display place. Juveniles are mature as early as their 

first year and pairs are formed at the end of winter for the next breeding season. The reproduction 

period starts in March and early April through the beginning of May in the Jura Massif. Both male and 

female are singing in their territory and respond to each other (Rhim, 2006). The higher the density 

of individuals, the more time is allocated to call and song during the reproduction period. Females 

nest on the ground, brood seven to twelve eggs during 22 to 25 days and then raise the chicks alone 

during spring and summer. The chicks are strictly dependent on their mother for the first month, as 

females provide them heat and shelter in their first days of life. This species has a small dispersion 

capacity: in the French Alps the mean dispersion distance was 4 km for juvenile males and 2 km for 

juvenile females (Montadert and Léonard, 2006). 
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3.3.4 Habitat needs 

The species habitat requirement varies worldwide, as it can be found in forest environments as 

different as taiga forest and temperate forest. Even within France, this bird is present in various 

forest environments located from 200m to 1800m a.s.l. and composed of different dominant tree 

species. 

Nevertheless, Hazel Grouse prefers habitat with well-structured stand with at least two vegetation 

layers (Müller et al., 2009; Schäublin and Bollmann, 2011) (Figure 10). Thus, in the Jura mountains, 

this species selects habitat with high understory density of spruce (Picea abies) (shelters trees in 

winter), and rowan (Sorbus aucuparia) and willow (Salix spp)  (Sachot et al., 2003b), hazel (Corylus 

avellana) and beech. This type of habitat provides in addition shelters against predators, which is 

particularly essential during the winter period when the cover is by definition lighter (leaf-off period). 

Sachot et al. (2003b), recommend a 50% cover of multilayered understory as suitable habitat for 

Hazel Grouse in the Swiss Jura. Contrary to Capercaillie, Hazel Grouse avoids grazed forest areas 

(Sachot et al., 2003b) probably because of the higher risk of predation in those areas. However, 

forest aisle appears to be an important habitat variable for Hazel Grouse, especially in summer when 

chicks forage on the ground searching for insects. Roots plate presence was also found to be an 

important part of the habitat as birds need bare soil for bathing and grit ingestion (Müller et al., 

2009). Predator avoidance seems to be an important factor when studying this species especially in 

summer when hens are rearing broods (Kurki et al., 2000). Main predators in France are foxes 

(Vulpes vulpes), pine marten (Martes martes) and goshawks (Accipiter gentilis). The herbaceous layer 

is also an important part of the habitat in particular in summer as the vegetation will provide food for 

both chicks and adults.  

  

https://fr.wikipedia.org/wiki/Corylus_avellana
https://fr.wikipedia.org/wiki/Corylus_avellana
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Figure 10 : A good habitat for Hazel Grouse 

 

In winter, Hazel Grouse diet is composed of young buds and catkins of rowan, willow and beech 

depending on their presence and availability in the environment (Andreev, 1988). In spring, the Hazel 

Grouse diet is still composed of buds and catkins but include young leaves resources such a bilberry. 

In summer and autumn, the diet evolves and is now composed in majority of fruits present in the 

herbaceous layer such as bilberries, strawberries (Fragaria vesca), raspberries (Rubus idaeus) or 

currant (Ribes ssp). At the end of the autumn season, birds are switching again their diet to buds in 

particular from bilberry and rowan (Schatt, 1993).  

To resume the main requirement of species, a patchwork of habitat is required, allowing the 

presence of both dense vegetation cover between 1m and 7m, and a furnished herbaceous layer. 

Heterogeneity within the vertical structure of the vegetation is also a key point. 

3.3.5 Protection status 

The Hazel Grouse is listed as least concern in the world and Europe (UICN red list 2015, 20165). 

However, Hazel Grouse is listed in European Bird Directive annexes I, II where the bird species for 

                                                           
5 https://newredlist.iucnredlist.org/species/22679494/85936486 

A.Glad 
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which conservation actions are taken and needed are listed. In France, the species is listed as near 

threatened, but some populations at the regional scale are listed as vulnerable (Alpes) or critically 

endangered (Alsace, Auvergne). The species can be hunted in three departments (Isère, Savoie and 

Hautes-Alpes), taking an average of 50 individuals each year. In twenty-two other departments the 

hunting is prohibited, and two other have a hunting planning set to 0 individuals (Haute-Savoie, Jura). 

3.3.6 The causes of the decrease in France 

As a forest bird, Hazel Grouse is strongly impacted by anthropogenic activities such as forestry (Aberg 

et al., 2003). In France, the species is mainly disappearing from lower elevation as a result of the 

maturation of the deciduous forest leading to the transformation of an optimal habitat with dense 

coppice to unfavorable habitat. The presence of dense vegetation regeneration was historically 

maintained by intense harvest activities. Nowadays, forestry practices have evolved, changing deeply 

the habitat availability for Hazel Grouse. In the higher forests in the Jura, forestry practices with 

selecting cutting and the cessation of understory systematic clearing still favor good habitat for the 

species. Hazel Grouse is vulnerable to forest fragmentation due to its low dispersion through open 

land leading to the presence of isolated small populations (Åberg et al., 1995; Huhta et al., 2017). 

Change in predation pressure can also lead to a population decrease. Indeed, by its size, the species 

have many potential predators. Human disturbances such as roads were also found to have a 

negative effect on Hazel Grouse populations, in a lesser extent than the impact on Capercaillie 

(Leclercq, 1985; Räty, 1979).  

3.3.7 Challenges in the Jura Massif 

The knowledge of the population dynamics and occurrences in the Jura Massif are still poor due to 

the secretive behavior of the bird and to the large potential area of presence. Nevertheless, the good 

knowledge of the habitat preferences of the species recommendations for its habitat conservation 

and restoration has been promoted nearby forest managers6. Some actions such as feeding tree 

plantation and the installation of a visualization system on ski lift cables were done by Groupe Tétras 

Jura.  

                                                           
6 https://groupe-tetras-jura.org/la-g%C3%A9linotte-des-bois/mesures-de-protection 
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From those observations, this work aims to help to plan of future surveys through the Jura massif and 

improve the knowledge on population. 

3.3.8 LiDAR variables for Hazel Grouse habitat models 

More studies including LiDAR data for habitat modeling were produced on Hazel Grouse (Table 2). 

Two of the studies presented above for Capercaillie included Hazel Grouse models as well, thus using 

the same LiDAR extracted variable (Melin et al., 2016; Zellweger et al., 2013a). Three other recent 

studies used the LiDAR extracted variable in their models. First, Bae et al. (2014a) compared the 

predictive power of LiDAR, satellite image and field data survey in habitat suitability models for Hazel 

Grouse in the Bavarian Forest National Park (Germany). The results showed that models with LiDAR-

derived variables only were giving better results than other single source-based models. However, 

the combination of multiple sources was giving the better overall model. Many different variables 

were extracted for modeling but the most contributing LiDAR variables were the number of 

vegetation returns (mean and standard deviation) between 5 and 10m, the penetration ratio (mean 

and standard deviation) between 5 and 10m, the number of vegetation returns (mean and standard 

deviation) between 10 and 20m, and finally the mean Shannon index for height diversity. Those 

results correspond to the sensibility of Hazel grouse to both horizontal and vertical composition, 

favoring well-structured forest. The importance of the vegetation density between 5 and 10m was 

highlighted as well. The same component highlighting the importance of both vertical and horizontal 

heterogeneity was found by (Zellweger et al., 2014). Indeed, vertical structure indicators explain 

44.2% of the variance (CHH, standard deviations of quantile of height 1th, 8th clumpy index of patches 

(>15m)) and horizontal structure explain 65.8% of the variance. The last study recently published by 

(Rechsteiner et al., 2017a), created LiDAR-based models over the “Parc Regional Chasseral” (Jura 

Massif Switzerland). Along with the LiDAR data, forest type from Landsat images and forest boundary 

from topography federal office were added. The best contributing variables were average vegetation 

height, shrub density and canopy height variation. The model performance was evaluated to be 

good, thus giving relevant results. 
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The use of LiDAR consistently improved models for Hazel Grouse, showing the importance of the 

forest structure for that species. More specifically both horizontal and vertical heterogeneity are 

important, and the density of the canopy cover and of the middle height vegetation (2-10m) seem to 

be key predictors.  



Chapter 1: Introduction 

46 
 

Table 2: LiDAR variables and their description (Hazel Grouse models) 

 

Study Ecosystem LiDAR variables Descprition

Schrub cover 
A shrub_cover value of 50 means that from all the echoes reflected below five meters 50% came from vegetation, not ground. 

The variable describe about the amount of vegetation between the heights of 0.5 and 5 m

Canopy cover
A canopy_cover value of 70 means that 70% of all the echoes reflected above five meters. The variable describes the amount of 

echoes were vegetation is above 5 m of canopy cover

Canopy height
A canopy height value of 22.5 means that 95% of the echoes are reflected below the height of 22.5 m. The value of this 

variableindicates the maximum canopy height, which in the  example case would be 22.5 m

Standard deviation of quartile A density of points for the 1th, 2nd, 3rd, 4th, 5th, 7th, 8th height quantiles

Multi-storied profile An Index representing the vertical distribution range within the 2nd and 3rd height quartile. 

Patch area Mean patch area for understory, midstory and canopy CHM class. 

Forest gap density Sum of forest gaps, i.e. non-forest patches <1 ha, divided by total forest area in ha. 

% of landscape Percentage of the landscape (1 km2) covered by patches of understory, midstory and canopy CHM class

Clumpy A clumpy index for patches of understory, midstory and canopy CHM class.

Nearest neighbor Mean nearest neighbor distances for patches of understory, midstory and canopy CHM class.

Edge density 
Density of edges (pixel transitions) between two CHM classes, i.e. non-forest/understory, non-forest/midstory, non-

forest/canopy, understory/canopy.

Canopy height heterogeneity Total length of edges (pixel transitions) between understory, midstory and canopy CHM

Topographic position 
Mean and standard deviation of the Topographic Position Index. Measures the exposure of a site in  relation to the surrounding 

terrain. 

Slope Mean and standard deviation of slope

Heights Maximum, mean, standard devaition and skewness of heights

Heights percentile For the 90th 75th 50th 25th 10th percentile

Canopy cover Vegetation returns >0.5 m/total returns

Openness below 2m from ground Returns <2 m/total returns

Percentage of ground returns Ground returns/total returns

Percentage of vegetation return Average and mean (0,5-10m, 10-20m, 20-30m, 30-60m heights)

Penetration ratio Average and mean (0,5-10m, 10-20m, 20-30m, 30-60m  heights)

Foliage height diversity with Shannon index ShI = – pi  ln (pi) , where pi  is the proportion of horizontal vegetation in the ith layer)

Foliage height diversity with Simpson index SmI = pi
2, where pi  is the proportion of horizontal vegetation in the ith layer

Average vegetation height Average height of all vegetation return heights above 0.5 m

Canopy height variation Standard deviation of canopy heights based on the 90th height percentile

Shrub density Number of vegetation height below 5 m divided by the total number of all returns, including ground points

Sum of small gaps Sum of squares with a canopy height below 1.3 m, based on the 90th height percentile 

Shannon diversity index for CHM Shannon's diversity index for CHM classes 2 and 3, 1 and 2 (1=matrix, 2=understory, 3=midstory, 4=canopy class)

Shannon eveness index for CHM Shannon's evenness index for CHM classes 2 & 3 

Area-weighted mean Area-weighted mean of patch area for CHM classes 2, 3 and 4

Variation of patchs Coefficient of variation of patch area for CHM classes 2, 3 and 4

Fractional dimension index Mean fractional dimension index of CHM classes 2, 3 and 4

Clumpy Clumpyness of CHM classes 2, 3 and 4

Edge Total edges of CHM classes 1, 2, 3 and 4

CHH Canopy height heterogeneity

SD height Standard deviation of height percentiles per layer

SD density Standard deviation of density percentiles per layer

Mean height Mean of height percentiles per layer

Mean density Mean of density percentiles per layer

Penetration ratio Penetration ratios on four height levels: 1 m, 2 m, 3 m, 4 m. Expressed as: Sum of points ≤ height level / sum of all points.

Zellweger et al. 

2013

Jura Mountains, Pre-alpine 

forest, Alpine forest

Jura Mountains, Pre-alpine 

forest, Alpine forest

Zellweger et al. 

2014

Jura MountainsRechsteiner 2017

Bae et al. 2014 Alpine forest

Melin et al.  2016 Boreal forest
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4 Objectives  

4.1 General questions 

The objective of the project is to propose SDMs to help future management actions in favor of 

Capercaillie (including Capercaillie and beech regeneration models) and to help the implementation 

of future Hazel Grouse survey.  

As highlighted in this introduction the creation of relevant models for conservation actions can be 

divided into two main axes: 

1) Improving models performances and pertinence and understand their limits 

The main hypothesis is that the use of heterogeneous observation datasets can give relevant SDMs 

results if the constraints are correctly identified and corrected. The aim was thus to define the best 

way to analyze the data regarding their specificities which are presented in details in the different 

chapters that constitute the manuscript.  

If this subject had already been explored in other studies (Fourcade et al., 2018; Merow et al., 2014; 

Phillips et al., 2009) the specificities of our datasets allowed us to explore some aspects that were 

poorly evaluated so far. Thus, different points will be developed:  

➢ The specificities of the bird’s observations datasets allowed us to explore the effect of spatial 

sampling bias on models’ performance and accuracy using different sampling designs. In 

addition, due to the high sexual dimorphism of Capercaillie, the effect of such spatial bias in 

the case of a population divided in sub-groups with different behavior on models outcomes 

was explored. 

➢ The effect of interaction between environmental variables on models performance and 

interpretation was explored using Hazel Grouse as a case study. 
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➢ The variables contribution and response were explored and compared to previous studies 

results in order to highlight the main strengths and limits of our models.  

2) Improving of results transmission to managers    

Beyond the willingness to provide models that are ecologically relevant, the awareness of the 

constraints occurring to management actions and of the target audience expectations should be 

taken into account during the first steps of a project, thus leading to the creation of models pertinent 

from both points of view. Our hypothesis is that such a framework will not decrease the 

performances of the models but can highly improve the transmission of the results. 

Within that purpose different points were developed:  

➢ Matching the manager’s conceptual context: the exploration of the benefice of 

using LiDAR extracted objects commonly used in forestry for endangered species 

distribution modeling. 

➢ Improving modeling practices: because the reproduction of such models to other 

areas of interest is an advantage, the transferability of models results in other areas 

using oriented-object variables was explored using Capercaillie models. 

➢ Matching the manager’s conceptual context: In addition to Capercaillie distribution 

models, a specific management issue will be addressed by modeling the distribution 

of the beech regeneration. 

➢ Improving communication: results communication including a report in French. 

4.2 Manuscript organization 

The thesis was thus organized in order to solve in a first part the problems encounter with models’ 

performances (Figure 11). In a second part, the solutions found were applied to create the definitive 

models for both Hazel Grouse and Capercaillie. Meanwhile, models that ensure a better transfer of 

the results were created.   
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Figure 11 : Manuscript organization 
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1 The Jura massif study area 

The Jura Massif lies in both France and Switzerland and extends over more than 340 km for a 

maximal width of 70 km. The study area is located in the French part of the mountains within the 

departments of Ain, Doubs and Jura. The climate is continental with temperature varying between -

5.9°C and 21.1°C, with maximal annual means of 11.3°C and minimal means of 2.1°C (based on data 

from 1981 to 2010 at the meteorological stations of La Pesse (1130 m a.s.l), Lamoura (1124 m a.s.l) 

and Les Rousses (1100 m a.s.l)) . The mean annual precipitation is 1874 mm (mean on the three same 

stations)7. Snowfall usually occurs between December and April, but the cover height showed high 

variations between years.  

The landscape is composed of a mosaic of small urban areas, pastures, forests and fields. The massif 

is composed of a low plateau (elevation range from 400 m to 700 m a.s.l.) and a high plateau 

(elevation range from 700 m to 1620 m a.s.l.). It is dominated by the Crêt de la neige (1720 m a.s.l) 

and Le Reculet (1718m a.s.l) both located in the Ain department. The forest covers an area of 4800 

km² in the Doubs and Jura departments whereas the Ain department comprises 1920 km² of forest 

(based on the IGN national forest inventory 2005-2009)8. On the lower plateau, forests are mainly 

deciduous-dominated composed of beech (Fagus sylvatica), ash (Fraxinus excelsior), oak (Quercus 

petraea) and spruce (Picea abies). Above 1 000 m forests are mainly dominated by conifers and 

composed of a mix of spruce, fir (Abies alba) and beech. At altitude higher than 1600 m, the climatic 

conditions limit the development of the forest, allowing the growth of alpine type grassland.  

  

                                                           
7 https://donneespubliques.meteofrance.fr/ 
8 https://inventaire-forestier.ign.fr/ 

https://donneespubliques.meteofrance.fr/?fond=produit&id_produit=117&id_rubrique=39
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2 Capercaillie and Hazel Grouse datasets 

Observations used for the different parts of this work originated from a large database, where the 

NGO “Groupe Tétras Jura” collected data on both target species from various sources. A large part of 

the data was collected by Groupe Tétras Jura, as well as ONCFS and ONF (Forest National Office) 

during their own fieldwork. Observations were also transmitted by volunteer ornithologists, the NGO 

LPO (French Bird Protection Society) and by the Natural National reserve of Haute-Chaîne du Jura. 

Thus, observations were collected with different protocols showing different characteristics. Older 

data were often unprecise, with missing date, observers and non-precise coordinates. GPS 

coordinates associated to observations first occur in 2001. Thus, data used for modeling were 

selected among those more recent and precise GPS locations. At first, the type of protocol used to 

collect the data was not specified in the database. Consequently, during the first part of the project, 

the assignation of each observation to a known type of protocol was done when it was possible. 

Observation data were divided into three categories: prospections, battues and unknown protocol. 

Older observations (before 2001) could not be assigned to any protocol. The assignation of the 

protocol’s type was done by crossing information on dates, observers and GPS tracks. A large part of 

the dataset could thus not be assigned to one specific protocol and remained unknown. Prospections 

occurred generally in winter and involved observers navigating in a selected area to search for 

presence indices. Since 2007, the observer’s tracks were also recorded and were used to assigned 

observations to the prospection protocol (date and distance to the observation). Prospections that 

were done before that date remain as unknown protocol. Since 2016, the protocol type was 

integrated into the database after the start of systematic parallel transects winter prospections. In 

summer, each year in july a “Battue” is organized. This protocol involves many volunteers, that are 

positioned every 10m and walks together with the aim to flush the birds, in particular, the chicks. 

Observations were assigned to this protocol by dates. The first observations that were assigned to 

this protocol were from 2008. 
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2.1 Capercaillie 

Data were collected from 1995 to 2018 leading to 6713 observations. GPS locations represent 5370 

observations. From those observations, 241 are from battue, and 2615 from prospections (winter 

and summer). Thus, 2514 observations could not be assigned to a specific protocol. Within the data 

assigned to a protocol, 583 are from summer, 147 from autumn, 2838 from winter and 1802 from 

spring. The number of observed individuals is largely differing between protocols (Table 3) with a 

large majority coming from Prospection or unknown protocols. A sex ratio biased toward male was 

observed in those two cases but was not observed for the battue protocol (Table 3). Here, it should 

be highlighted that for 2018 winter prospection data, the sex was not systematically provided 

because the sex will be ultimately determined by genetic analysis. Unfortunately, those analyses 

were not done before the end of the project, leading to a higher occurrence of unknown sex in 2018 

data. Finally, different types of indices were collected, with a high occurrence of two major types: 

dropping and roosting trees. Feathers, traces, sight are present as well in the database. Some of the 

observations signs types are also unknown. 

Table 3 : Number of observation by protocols and sex for Capercaillie 

 

2.2 Hazel Grouse 

Like Capercaillie, data were collected from 1995 to 2017 leading to 6854 observations. GPS locations 

represent 5541 observations (since 2002). From those observations, 282 are from battue 2898 from 

prospections and 2361 observations could not be assigned to a specific protocol. Within those data, 

501 are from summer, 147 from autumn, 3559 from winter and 1334 from spring. The number of 

Protocol Sex N observations

Male 1454

Female 904

Unknown 251

Male 109

Female 103

Unknown 23

Male 1301

Female 610

Unknown 615

Prospection

Battue

Unknown
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observed individuals is differing between protocols with a large majority coming from prospection or 

unknown protocols.  In addition, the sex of the bird was determined in only rare cases because of the 

small sexual dimorphism observed for this species (Table 4). The major types of indices collected are 

droppings, traces and roosting trees. The presence of igloos and the sight of individuals are also often 

reported. Other types of observation are present as well in the database, as feathers or dead birds. A 

part of the dataset is composed of non-assigned types of observation. 

Table 4 : Number of observations by protocol and sex for Hazel Grouse 

 

3 LiDAR datasets 

3.1 LiDAR campaigns 

The study area was covered by two different airborne LiDAR surveys (Figure 12). Both surveys were 

conducted using a Riegl LMS Q680i system (RIEGL Inc., Horn, Austria). The system was operated with 

a maximum half-scan angle of 60°, with all return points being recorded. 

In the first area referred hereafter as Ain study area, the LiDAR campaign was conducted in autumn 

2014 and covered 626 km². The flight means height was 600m above ground. We obtained an 

average point density of 21.3 points/m² with a mean vertical error below 0.5 cm. During this 

campaign, the whole landscape was covered with LiDAR. 

Protocol Sex N observations

Male 19

Female 2

Unknown 2870

Male 4

Female 0

Unknown 265

Male 35

Female 23

Unknown 2312

Prospection

Battue

Unknown
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The second Lidar survey was conducted in summer 2016 and covered a surface of 431km². The flight 

means height was 600m above ground. We obtained an average point density of 18 points/m² with a 

mean vertical error below 0.5 cm. Contrary to the first campaign, the LiDAR datasets area is 

composed only of forest patches that are potentially occupied by Hazel Grouse and Capercaillie, 

which leads to having fragmented and incomplete description of the landscape.  

Figure 12 : Coverage of the two LiDAR campaigns in the French Jura Massif constituting two 
study areas. 

 

3.2 LiDAR extracted variables: descriptions 

LiDAR metrics were calculated using two R packages: lidR (Roussel and Auty, 2016) and LidaRtRee 

developed by M. Monnet. We divided the variables extracted in three types: point-cloud (PC) area-

based metrics, object-oriented (OO) metrics and LiDAR interpolated metrics (the code used is 

presented in Annexe 2 and the package LidaRtRee is available on gitlab9). The comparison between 

point-clouds area-based and object-oriented metrics type on models’ performance and results 

interpretability is presented in Chapter 5. This section aims to describe each calculated variable in 

                                                           
9 https://gitlab.irstea.fr/jean-matthieu.monnet/lidaRtRee/wikis/Forest-habitat-metrics 

https://gitlab.irstea.fr/jean-matthieu.monnet/lidaRtRee/wikis/Forest-habitat-metrics
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detail. Before calculating any metrics, point-clouds were normalized using the function lasnormalize 

from the LidR package (Figure 13). 

Figure 13 : The normalization of the LiDAR point cloud generate the deformation of the tree 
crown and a shift of the tree top location. 

 

This function subtracts a digital terrain model (DTM) to the z coordinates values of each point to set 

the ground at a height of 0 m. We used a Delaunay triangulation, which makes a linear interpolation 

within triangles to create the DTM from ground classified points (Figure 14). Triangles are drawn 

between each closest point of the ground point clouds. The normalization is done by subtracting the 

altitude of the projection of each point on the Delaunay triangulation to the point altitude (Roussel 

and Auty, 2016). 
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Figure 14 : example of a Delaunay triangulation applied on a point cloud 

 

3.2.1 Point-cloud area-based metrics 

Point-cloud area-based metrics are defined as indices describing the LiDAR point clouds over a given 

and fixed surface (pixels). Multiple metrics were calculated to represent different characteristics of 

the point-cloud such as heights, point densities and penetration ratios (Table 5). The height metrics 

included the maximum height, the mean height and the height of the 10th, 25th, 50th, 75th and 90th 

quantiles. The point densities and the penetration ratios were calculated by height portions: 0.5-1m, 

1-2m, 2-5m, 5-10m, 10-20m and 20-30m. The point density metric is represented by the number of 

points within a height portion divided by the total number of points (soil and vegetation). The 

penetration ratio is calculated as the number of points in the lower portions minus the cumulative 

sum of this portion and the next highest one. 
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Table 5 : Point-cloud area-based metrics 

 

3.2.2 Object-oriented metrics 

Object-oriented metrics are defined as elements constituted of pre-specified characteristics that will 

be common to all individual objects. Those elements are called objects as they aim to represent real 

individual components of the landscape. Two object elements were defined and then extracted from 

the LiDAR point clouds (Table 6). First, individual trees objects were extracted using features that 

Type of metrics Metric Name Usual name (in text) Description

H.max MaxVeg Maximum height

H.mean MeanVeg Mean height

H.nb0_0.5relative_density Canopy005 Point density between 0 and 0,5m

H.nb0.5_1relative_density Canopy0501 Point density between 0.5 and 1m

H.nb1_2relative_density Canopy0102 Point density between 1 and 2m

H.nb2_5relative_density Canopy0205 Point density between 2 and 5m

H.nb5_10relative_density Canopy0510 Point density between 5 and10m

H.nb10_20relative_density Canopy1020 Point density between 10 and 20m

H.nb20_30relative_density Canopy2030 Point density between 20 and 30m

H.nb30_60relative_density Canopy3060 Point density between 30 and 60m

H.nb0_0.5ratio penetrationratio005 Penetration ratio between 0 and 0,5m

H.nb0.5_1ratio penetrationratio0501 Penetration ratio between 0,5 and 1m

H.nb1_2ratio penetrationratio0102 Penetration ratio between 1 and 2m

H.nb2_5ratio penetrationratio0205 Penetration ratio between 2 and 5m

H.nb5_10ratio penetrationratio0510 Penetration ratio between 5 and 10m

H.nb10_20ratio penetrationratio1020 Penetration ratio between 10 and 20m

H.nb20_30ratio penetrationratio2030 Penetration ratio between 20 and 30m

H.nb30_60ratio penetrationratio3060 Penetration ratio between 30 and 60m

H.nb0_0.5 veglayer005 Number of Vegetation and unclassified point between 0 and 0,5m

H.nb0.5_1 veglayer0501 Number of Vegetation and unclassified points between 0.5 and 1m

H.nb1_2 veglayer0102 Number of Vegetation and unclassified points between 1 and 2m

H.nb2_5 veglayer0205 Number of Vegetation and unclassified points between 2 and 5m

H.nb5_10 veglayer0510 Number of Vegetation and unclassified points between 5 and 10m

H.nb10_20 veglayer1020 Number of Vegetation and unclassified points between 10 and 20m

H.nb20_30 veglayer2030 Number of Vegetation and unclassified points between 20 and 30m

H.nb30_60 veglayer3060 Number of Vegetation and unclassified points between 30 and 60m

H.p10 Q10  Vegetation and unclassified points height quantile 10

H.p25 Q25  Vegetation and unclassified points height quantile 25

H.p50 Q50  Vegetation and unclassified points height quantile 50

H.p75 Q75  Vegetation and unclassified points height quantile 75

H.p90 Q90  Vegetation and unclassified points height quantile 90

H.sd SdVeg Height standard deviation

H.simpson simpson Simpson index of height

I.mean.1stpulse I.mean.1stpulse First pulse mean intensity

nbSol GroundR Number of ground points

nbVeg nbVeg Number of vegetation and unclassified points 

CHM0.sd CHM0.sd Canopy height Model 

CHM1.sd CHM1.sd Canopy height Model standard deviation smoothed with a 1 pixel kernel

CHM2.sd CHM2.sd Canopy height Model  standard deviations moothed with a 2 pixels kernel

CHM4.sd CHM4.sd Canopy height Model  standard deviations moothed with a 4 pixels kernel

CHM8.sd CHM8.sd Canopy height Model  standard deviation smoothed with a 8 pixels kernel

CHM16.sd CHM16.sd Canopy height Model smoothed with a 16 pixels kernel

CHM.mean CHM.mean Canopy Mean height Model 

CHM.PercInf0.5 CHM.PercInf0.5
Proportion of Canopy height Model < 0.5m within the 25*25 pixel in % (based 

on 0.5*0.5 surface)

CHM.PerInf1 CHM.PerInf1
Proportion of Canopy height Model < 1m within the pixel in % (based on 

0.5*0.5 surface)

CHM.Perc2 _ 5 CHM.Perc2 _ 5
Proportion of Canopy height Model < 5m within the pixel in % (based on 

0.5*0.5 surface)

CHM.Perc1 _ 5 CHM.Perc1 _ 5
Proportion of Canopy height Model whith a miximum height between 1m and  

5m within the pixel in % (based on 0.5*0.5 surface)

CHM.PercSup5 CHM.PercSup5
Proportion of Canopy height Model > 5m within the pixel in % (based on 

0.5*0.5 surface)

CHM.PercSup10 CHM.PercSup10
Proportion of Canopy height Model > 10m within the pixel in % (based on 

0.5*0.5 surface)

CHM.PercSup20 CHM.PercSup20
Proportion of Canopy height Model > 20m within the pixel in % (based on 

0.5*0.5 surface)

Points cloud metrics
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constitute the shape of a tree. The main point here is that the top of tree will be detected in the 

LiDAR point cloud as a local maximum, which can be filtered. This method has some limitation has 

smaller trees localized under and near a higher one can thus be hidden. False tree tops can also be 

detected because of the presence of large branches or forks. The window size for detecting those 

local maxima is thus an important parameter. A trade-off between detecting only higher overall tree 

tops and detecting all top at a very fine resolution with the risk to obtain false tree detections needs 

to be found. Once local maxima are detected, trees are then segmented using a watershed 

algorithm. In our case, we choose the following parameters for tree top detection (adapted from 

method 1 in Eysn et al 2014), (Figure 15):  

• A distance minimum from the detected tree top to the next higher pixel of 0 (thus compare 

the pixel value to its neighboring pixels) 

• A distance minimum from the detected tree top has a proportion of the height to the next 

higher pixel of 0.05 

• The minimum height for tree top detection of 5m 

• A minimum crown height of 2 meters for segmentation 

• A number of the minimum crown height as a proportion of the tree top height of 0.3 
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Figure 15 : Tree top detection and crown segmentation 

 

Concerning the gap detection, we first made a distinction between structural gaps define as physical 

low vegetation area from functional gaps defined as an entity that can provide specific habitat 

requirements. In our case, gaps should provide enough light for young trees regeneration, bilberries 

and herbaceous growth (Hinsley et al., 2008). Thus, the vegetation height around this surface must 

not completely hide the sun. A tradeoff was chosen to take this effect into account for gap detection. 

Therefore, a gap was defined as a minimum surface of 25m² constituted of vegetation below 1m 

height, where the width is equal or larger than half of the height of the surrounding trees (Figure 16).  
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Figure 16 : The method used to extract gap objects from LiDAR datasets 

Table 6 : Object-oriented metrics 

 

3.2.3 Modeled forest metrics 

Modeled forest metrics were also calculated using LiDAR and vegetation data field measurements 

(Munoz et al., 2015). The National Forestry Office (ONF), completed surveys on 377 permanent 

located under the LIDAR Ain coverage10. Among those 274 plots were taken with a more precise GPS 

to be used to model LiDAR metrics. During the last survey (2015), trees with a diameter at breast 

                                                           
10 https://www.rnn-hautechainedujura.fr/composants/uploads/2016/10/rapport-observatoire-2015-v150118.pdf 

Type of metrics Metric Name Usual name (in text) Description

Tree.density Tree_density Tree density ( number/ha)

Treeinf10.density Tree_densityinf10 Tree lower than 10 meter but higher than 5m density (number/ha)

Tree10.density Tree_density10 Tree higher than 10 meter density (number/ha)

Tree20.density Tree_density20 Tree higher than 20 meter density (number/ha)

Tree30.density Tree_density30 Tree higher than 30 meter density (number/ha)

Tree.giniH Tree_gini Tree height gini index

Tree.meanH Tree.meanH Tree mean height

Tree.meanS Tree.meanS Tree mean surface

Tree.sdH Tree.sdH Tree height standard deviation

Tree.sumS Tree.sumS Total surface coverred by trees

Tree.sumV Tree.sumV Total volume of trees

Gap_Prop_1000_inf Prop_open_area
Proportion in the pixel that contains an object grassland (surface < 1000m² 

and vegetation height < 1m )

Gap_Prop200_1000 Middle_gap

Proportion in the pixel that contains an object large gap from 200m² to 

1000m² (Height is <1m and half  height of surrounding trees is less than half 

of the gap width) 

Gap_Prop25_200 small_gap

Proportion in the pixel that contains an object large gap from 25m² to 200m² 

(Height is <1m and  half height of surrounding trees is less than half of the 

gap width) 

Object oriented metrics
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larger than 17.5 cm were localized. Distance to the trunk, azimuth, species and diameter, were 

measured for each tree. A GPS was used to localize the center of the 15 m radius plot. From the 

inventory dataset five metrics were calculated (Table 7):  

• The basal area for all trees, which is the sum of the trunk section surfaces measured at 

1.30m then divided by the plot surface. It is expressed in m²/ha. 

• The basal area for coniferous trees only 

• The s density, which is the number of trees with a diameter at 1.30 m larger than 17.5 cm 

and expressed as a number of stem per ha 

• The stem density for coniferous trees only 

• The mean trunk diameter for each plot 

At the same time, basic point-cloud metrics were extracted from the LiDAR dataset among plots 

(heights, intensity, return number and point classification). Multiple regression models were then 

applied with the parameters calculated from the field survey as variables and LiDAR metrics as 

predictors. The best model which gave the best predictions regarding the measured parameters was 

selected. Predictions over the whole Ain study area were then applied.  

Table 7 : LiDAR predicted metrics 

 

3.2.4 Tree detection accuracy 

Using the 377 permanent plots presented above, the accuracy of the tree top detection was 

examined over the Ain study area. In those plots, 14 438 trees were localized and measured. From 

the first campaign LiDAR dataset 8 005 trees were extracted. This gives a rate of 52.45 % of trees 

detected. 

Type of metrics Metric Name Usual name (in text) Description

Gha Gha Basal area

Dmean Dmean Mean trunk diameter

prop_conif prop_res Proportion of Coniferous trees (among tree diameter > 17,5, ONF data)

Nha Nha Stem density

prop_conifG prop_resGha
Proportion of coniferous trees in basal area (among tree diameter > 17,5, 

ONF data)

LiDAR and Field vegetation 

datasets
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Figure 17 : Trees localization in the field (red circles) and LiDAR detected trees (black crosses) 
on three field plots, larger symbols are indicating higher trees. 

 

 

3.2.5 Comparison of LiDAR metrics between the two campaigns 

A small area (4.4km²) was covered by the two LiDAR campaigns. This gives the opportunity to 

compare the transferability of the LiDAR metrics among LiDAR campaigns.  

Figure 18 : Location of the two campaigns overlapping areas. 

 

For 59 metrics, the correlation between the distributions of values between the two campaigns was 

calculated (Table 8). We use a Pearson correlation from the function layerStats from the package 
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raster (Hijmans and van Etten, 2014). We first remark that 50 metrics among 59 are highly correlated 

(>0.7). The metrics that represent upper layer metrics showed a better conservation between LiDAR 

campaigns. This result was expected has metrics calculated on lower height layers are more sensitive 

to external variation such as the frequency of the laser pulse or canopy cover seasonal variations (Hill 

and Broughton, 2009). Metrics that count the number of return (number of vegetation or ground 

return), are depending a lot on the LiDAR dataset, therefore the use of relative metrics should be 

preferred.  

Table 8 : Correlation between the overlapping areas for each metrics 

 

  

Metrics
Correlation 

(Pearson)
Type Metrics

Correlation 

(Pearson)
Type

Canopy3060 0.98 Point-cloud Canopy1020 0.91 Point-cloud

penetratioinratio3060 0.98 Point-cloud CHM.Perc2_5 0.91 Point-cloud

Q90 0.98 Point-cloud Tree_density10 0.91 Object-oriented

CHM.PercSup20 0.98 Point-cloud penetrationratio1020 0.9 Point-cloud

MaxVeg 0.97 Point-cloud Simpson 0.9 Point-cloud

Canopy2030 0.97 Point-cloud CHM.PercInf0.5 0.9 Point-cloud

penetrationratio2030 0.97 Point-cloud Tree_sumS 0.9 Object-oriented

Q75 0.97 Point-cloud Tree_density 0.89 Object-oriented

SdVeg 0.96 Point-cloud penetrationratio0102 0.88 Point-cloud

CHM0.sd 0.96 Point-cloud penetrationratio0205 0.88 Point-cloud

CHM1.sd 0.96 Point-cloud Canopy0102 0.87 Point-cloud

CHM2.sd 0.96 Point-cloud Tree_densityinf10 0.85 Object-oriented

CHM4.sd 0.96 Point-cloud Tree_gini 0.85 Object-oriented

Tree_density30 0.96 Object-oriented Tree_sdH 0.85 Object-oriented

MeanVeg 0.95 Point-cloud veglayer3060 0.84 Point-cloud

CHM8.sd 0.95 Point-cloud penetrationratio0510 0.83 Point-cloud

CHM.mean 0.95 Point-cloud Canopy0501 0.81 Point-cloud

CHM.PercSup10 0.95 Point-cloud Tree_meanS 0.8 Object-oriented

Prop_open_area 0.95 Object-oriented penetrationratio0501 0.78 Point-cloud

Tree_density20 0.94 Object-oriented middle_gap 0.75 Object-oriented

Tree_meanH 0.94 Object-oriented small_gap 0.71 Object-oriented

Canopy0510 0.93 Point-cloud veglayer2030 0.66 Point-cloud

CHM16.sd 0.93 Point-cloud Q25 0.66 Point-cloud

CHM.PercSup5 0.93 Point-cloud veglayer0102 0.52 Point-cloud

Tree_sumV 0.93 Object-oriented veglayer0510 0.52 Point-cloud

Canopy0205 0.92 Point-cloud veglayer0205 0.51 Point-cloud

Q50 0.92 Point-cloud veglayer1020 0.42 Point-cloud

CHM.PercInf1 0.92 Point-cloud GroundR 0.26 Point-cloud

CHM.Perc1_5 0.92 Point-cloud Q10 0.14 Point-cloud

nbVeg 0 Point-cloud
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3.2.6 Create metrics at different scales 

All metrics were calculated at different scales. This task was done with a moving window method by 

using the function r.neighbors from GRASS GIS 7.4 (© 2003-2017 GRASS Development Team) via the 

R package rgrass7. The mean and the standard deviation were calculated for each selected scale. To 

calculate values located at the border the hypothesis that the landscape over the border was similar 

to the landscape inside the study area was made. Thus the empty half surface was completed by 

duplicating the data outside the study area with the window width.  

3.2.7 Non-vegetation LiDAR metrics 

Using the digital terrain model, slope, exposition and curvature were calculated for 25*25m pixels. 

The slope was calculated in degrees and the exposition in degrees as well where 0° and 360° are 

representing north. Those variables meant to be used in beech regeneration distribution models.  

3.3 Synthesis 

Numerous variables from LiDAR point-clouds were calculated with success. Among all those metrics, 

only a few were later selected as variables for Hazel Grouse and Capercaillie and beech regeneration 

models. This selection process is described in each corresponding chapter 4, 5 and 6.  

4 Beech regeneration datasets 

To model the beech regeneration spatial distributions over the two study areas, two different 

vegetation survey datasets were used. The first one was collected by the Groupe Tétras Jura over the 

Jura study area. The second one is constituted of vegetation survey plots collected by the ONF in the 

Ain department. 

4.1 Groupe Tétras Jura dataset 

This dataset is constituted of multiple surveys (2014 to 2017) which first aimed to collect data on the 

Capercaillie habitat suitability (Figure 19). Plots were systematically localized using a 100 m width 
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square grid. Two different types of information were collected resulting on differences between 

surveys. In some surveys the percentage of cover were measured for different species and strata 

whereas for other four categories indicating the suitability of the different strata for the Capercaillie 

from poor to good was measured. In the first case 1380 plots were surveyed in four different forest 

units (Echallon, Chalet neuf, Chaux du Dombief and Mont Noir). In the second case, 1276 plots were 

surveyed in the Risol forest. In both datasets, the beech regeneration between 50 cm and 3 m was 

measured. In order to increase the number of plots, percentage of cover were converted to 

categories A to D to be merged with the second dataset. Indeed, the categories were defined as 

follow:  

• A: Good habitat, percentage of beech regeneration cover is lower than 20% 

• B: Fair habitat, percentage of beech regeneration cover ranges between 20% and 30% 

• C: Poor habitat, percentage of beech regeneration cover ranges between 30% and 50% 

• D: Degraded habitat, percentage of beech regeneration cover is higher than 50% 

The categories were transformed into a binary variable where the categories D, C and B were 

assumed to be presence (regeneration cover > 20%) and the category A to be absence. 
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Figure 19 : GTJ vegetation plots 

 

4.2 ONF dataset 

The ONF constituted a large database where 377 permanents plots 

were surveyed once in 2008 and a second time in 2015. Those plots 

were located to cover most of the Ain forests following a systematic 

sampling (600m width square grid), leading to a large cover. During 

those surveys, multiple indicators were measured such as species 

inventory (herbaceous to trees), large tree measurement (diameter, 

height, species) and regeneration dynamic. To collect data on regeneration, three sub-plots of 1.5 m 

diameter were surveyed at 10m from the center of the survey plot location (Figure 20). Here the 

number of individuals was counted by species, and this in three categories: stem from 50 cm to 1.5 m 

height, stem lower than 1.5 m with a diameter of 2.5 cm and stem with a diameter between 2.5 cm 

and 7.5 cm. In order to fit better with the data collected by Groupe Tétras Jura, the three classes 

were summed together to produce a variable number of beech stem. Afterward, all plots where 

Figure 20 : Sub-plots location, 
Protocole suivi d’espace naturels 

protégés MEDD 2005 
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beech regeneration was not observed (thus not present in the database) were selected and were 

extrapolated to be absence of beech regeneration (0 individuals). Those data were transformed into 

binary response presence-absence. When the number of individuals was below 5, the value 0 

(absence) was attributed and all other values were considered as presence. Furthermore, among 

those plots 219 were measured with a more precise GNSS receiver in order to calibrate models using 

LiDAR variables (Figure 21). To conserve the precision of the measure, only those plots were used for 

beech regeneration models.  

Figure 21 : ONF permanent vegetation plots 
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5 Additional datasets  

5.1 Satellite images 

For both study area, the Normalize Difference Vegetation Index (NDVI) was extracted from satellite 

images. Satellite imagery data from Copernicus Sentinel-2 images taken on a clear day were used 

(17/07/2016 Copernicus Sentinel-2 data 2016 processed at level 2A by CNES for the THEIA Land data 

center)11. Vegetation index are widely used to describe the vegetation characteristics. For this, 

variations at wavelength red-edge (700 nm) are favored as it is characteristic of green vegetation. 

The Difference Vegetation Index (DVI) is represented by the difference between the reflectance in 

near infrared and red. From this, the NDVI is obtained by dividing the difference index by the sum of 

the near infrared and red reflectance.  

5.2 Anthropogenic disturbances 

In order to account for human disturbances, three different variables were created: distance to 

roads, distance to ski runs and buildings surface area. The roads were extracted from Route 500® 

database provided by the French national institute for geographical and forest information (IGN). The 

selected roads are local, regional, departmental and national asphalted roads which are connected to 

urban areas or to the principal transport infrastructures. Forest tracks and trails are not a part of this 

dataset. The distance to the closest road was calculated afterwards for each pixel of the study area. 

Similarly, from ski runs locations (Groupe Tétras Jura dataset) minimum distance for each pixel was 

calculated. 

The building locations and surfaces were extracted from the IGN BDTOPO®.  This surface was 

calculated for each pixel. The sum of those surfaces were calculated at different scales and divided by 

the surface of the selected scale to create the building area proportion variable. 

                                                           
11 http://www.theia-land.fr/fr/node/816 
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1 Foreword 

As a first step in the process of using SDMs, the algorithm choice and the global modeling framework 

should be defined regarding the characteristics of the datasets and the final use of the model results 

(Elith and Leathwick, 2009). In this chapter, the different modeling methods will be presented and 

the choices made for both birds and beech regeneration models will be documented. In a first part, a 

detailed overview of SDMs principles and assumptions will be presented. In a second step, the issues 

regarding the datasets characteristics will be investigated in a research article submitted to the 

Journal of Applied Ecology. To provide additional leads the role of sampling design for SDMs 

improvement well be investigated as well. Finally, the issue concerning the choice of scales will be 

exposed. For an easier comprehension, the problems related to the choice of environmental 

variables will not be addressed in this chapter because it is highly dependent on the species habitat 

needs (Chapter 4, 5 and 6). 
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2 SDMs: principles and assumptions 

2.1 Ecological niche and habitat definitions 

Before going into the principle of SDMs, it is needed to best understand what is driving species 

distributions. The presence of a species in an area is depending on three pre-requisites (Guisan et al., 

2017; Pulliam, 2000; Soberón, 2007):  

• Suitable abiotic conditions 

➢ The abiotic conditions represent a combination of all the physical characteristics at a 

specific place. When those entire characteristics meet the species requirement for 

their survival and reproduction, it is thus representing the fundamental niche of the 

species.  

• Suitable biotic conditions 

➢ The biotic conditions represent the interactions with the other organisms such as 

predation, competition or mutualism and commensalism. Those interactions can 

greatly constrain the communities present at the location.  

• Accessibility to the location 

➢ Finally, for an area to be occupied by a species, the location must be reachable: being 

within the dispersal capacity of the species and surrounded by suitable biotic and 

abiotic conditions.  

The realized niche is by definition the niche occupied by the species given the three constraints 

presented above. The complexity of those interactions is making it difficult to map the realized 

distribution without having a complete view of the interactions between the entire biotic and abiotic 

components that constitute an ecosystem. 
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The description of the environmental biotic and abiotic condition at a particular location where a 

species can or may survive is called habitat (Kearney, 2006). Thus, the habitat is defined by the 

physical attributes at a locality and includes the interactions with vegetation as a part of the habitat 

description (e.g grassland, tropical forest). However, elements such as the interactions with other 

animal species or the location accessibility are not part of the habitat description.  

2.2 Concept 

The concept of SDMs is to link the environmental characteristics to the presence or abundance of a 

target species (Franklin, 2009b; Guisan and Zimmermann, 2000). Those models can be used either to 

explain the causes of the species distribution or to predict this distribution in time or space (Elith and 

Leathwick, 2009). The species relationship with the environmental variables is done using statistical 

modeling technics that fit a response curve to each of those variables (Figure 22). The response 

curves allowed the quantification of the suitable condition range for the species and consequently 

are used to explain better the distribution of a species (Elith and Leathwick, 2009; Mac Nally, 2000).  
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Figure 22 : SDMs concept illustrated with two environmental variables. 

 

The response curves are an essential element that will shape the insight on species preferences and 

prediction results. Those responses can be of different complexities from unimodal response 

(suitable, non-suitable) to continual responses (linear, quadratic or more complex responses) 

(Merow et al., 2014). The choice of the shape of the response is depending on the algorithm and 

must be selected according to the objectives of the study (explanation versus prediction). 

Ultimately the combination of those responses associated with the spatially explicit environmental 

variables allows the prediction of the species distribution in a geographical space. Those predictions 

are divided in two categories: models used to predict the distribution to un-sampled sites within a 

same region (which is the case in this project) or prediction to other geographic areas and/or to 

future and past climate (Elith and Leathwick, 2009). The latter use is challenging as by definition it 

does not fulfill the assumptions behind SDMs (Elith et al., 2010), but as we do not aim to produce 

models projection in other areas or within time, those specificities will not be presented here. 
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2.3 Assumptions 

The SDMs are based on different assumptions that must be kept in mind through the modeling 

process (Guisan et al., 2017):  

• Equilibrium 

➢ A major postulate is to assume that the targeted species is at equilibrium within its 

environment (Franklin, 2009b; Guisan and Zimmermann, 2000), meaning that the 

relationship between the species and environmental variables does not change in 

space or time. The typical case were this assumption is not fulfilled is for invasive 

species, for which the distribution is under expansion.  

• Statistical methods 

➢ The choice of an appropriate statistical method is essential as different algorithm 

types lead to different types of response, thus influencing the results (Guisan and 

Zimmermann, 2000). This choice must also take into account the characteristics of 

the datasets. The choice of an appropriate algorithm will be presented hereafter (2.4 

the choice of the statistical method). 

• Target species observations datasets 

➢ The target species dataset is suitable to answer the research questions: the 

population dynamics do not influence the individual repartition in space or time. 

Indeed, the presence of populations outside the fundamental niche of the species, 

also defined as sink populations (death rate is higher than the reproduction rate) can 

have important issues on models’ relevance. However, such sink populations are 

difficult to detect within observations data.   

➢ There is no spatial or temporal bias occurring in the dataset. In order to correctly 

quantify the habitat suitability using models, the entire range of environmental 
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combinations available for the species should be sampled. This problem will be 

addressed in detail in the sections 3 and 4 of this chapter. 

➢ The observations are independent (e.g. not subject to spatial autocorrelation). 

Spatial autocorrelation is defined when processes and patterns that influence the 

spatial distribution of a species are themselves spatially structured, or when a 

species is subject to intrinsic population dynamics (territoriality, dispersal, social 

interactions). Non independent observations may lead to inaccurate models if not 

taken into account. However, it is difficult to evaluate whether dates are 

independent or not. The case of Capercaillie, with data collected during the 

reproduction period when males and females meet at the display place is a good 

example of auto-correlated observations. 

• Environmental predictors 

➢ It is assumed that all environmental predictors impacting the species distribution are 

available for modeling at the relevant ecological scale. The problem of the choice of 

environmental variables will be addressed in the next chapters (4, 5 and 6) but the 

issue with scale selection will be addressed in the section 5 of this chapter. 

➢ Environmental variables do not contain errors. The errors resulting from LiDAR 

metrics calculation were presented in the chapter 2 section 2. 

2.4 Link between the niche concept and SDMs 

A consensus on the link between the niche theory and models outcomes has not been found yet and 

the clarification of the niche concept was identified as one major challenge for SDMs by Araújo and 

Guisan (2006) Indeed, the description of the realized niche faces many difficulties and the use of only 

environmental predictors only gives the potential habitats for the species as other factors such as 

biotic interactions and population dynamics are not part of the modeling process (Guisan and 
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Zimmermann, 2000). Concretely, different consequences on the species spatial distribution can be 

observed: 

• False positive, the habitat is suitable but the species is not present because of the influence 

of one or multiple biotic factors that were not present in the model.  

• False negative, the habitat is not optimal but the species is nevertheless observed due to 

fluctuation in population dynamics or due to other biotic factors that were not present in the 

model. 

2.5 The choice of the statistical method 

2.5.1 Objectives of the study 

The models for Hazel Grouse and Capercaillie aim to spatially predict their distribution but the 

interpretation of the response is nevertheless important, even if the ecological requirements for the 

two species are well known. Indeed, those responses may support the results nearby managers by 

confirming the importance of certain variables for each species. On the contrary, concerning the 

beech regeneration models, knowing the effect of each variable was not the priority. 

2.5.2 Datasets specificities 

As stated here above, the different algorithms must also be chosen regarding the characteristics of 

the datasets (Elith and Leathwick, 2009). Indeed, observations datasets can be divided in three 

categories:  

• Presence only data: generally originated from non-predefined sampling surveys such as 

citizen science. Here only the observation of the targeted species is reported. The 

Capercaillie and Hazel Grouse datasets are presence only data. 

• Abundance data: originated from either pre-defined or non-pre-defined sampling, the 

observer notes here the abundance of the species at each plot. The raw beech regeneration 

dataset is an abundance dataset (percentage of cover or individual counts). 



Chapter 3: Modeling methods 

78 
 

• Presence-absence data: generally collected from pre-defined sampling framework such as 

random or stratified plot surveys. Here, the observer notes for each plot the presence or the 

absence of the targeted species. The reclassification of beech regeneration dataset in two 

categories is thus a presence-absence dataset. 

Algorithms handling presence only datasets operate a comparison between the presence 

observations and the background points (also called pseudo-absence). Such methods include 

algorithms such as ecological niche factor analysis (ENFA), bioclim, domain, Maxent and logistic 

regression (Brotons et al., 2004).  

Presence-absence and abundance data are analyzed using algorithm such as generalized linear 

models (GLM), generalized additive models (GAM), classification and regression trees (CART, Random 

forest, or boosted regression trees (BRT)) (Brotons et al., 2004; Guisan and Zimmermann, 2000).  

From those informations, the selection of the algorithm built on the equivalence of Maxent with an 

infinitely weighted logistic regression for the case of Hazel Grouse and Capercaillie was made (Phillips 

et al., 2017). Indeed, Maxent is arguably the most frequently used SDM method designed to handle 

presence only data. It allows the selection of different features defining the response curve shape 

(linear, quadratic, product, threshold and hinge) (Elith et al., 2011; P Anderson et al., 2006; Phillips et 

al., 2006). 

 For the beech regeneration models, three methods were chosen:  

• The Random Forest algorithm (Breiman, 2001). It is known to give high classification 

accuracy and is able to model complex interactions between predictors (Cutler et al., 2007). 

Random Forest use random subsets of both the environmental predictor variables and 

species occurrence data and build multiple trees. From those a final tree can be constructed 

based on an average of all trees (Breiman, 2001). 
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• The logistic regression (Austin, 1980). It can analyze continuous and discrete environmental 

variables to predict qualitative response. The response curve represents the probability of 

the species being present. 

• The GLM with Poisson distribution (Vincent and Haworth, 1983). It uses abundance data as 

input variable, the linear predictor is related to the mean of the response variable by a link 

function thus constituting a flexible family of regression models (Guisan and Zimmermann, 

2000). 
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3.1 Abstract 

Species distribution models (SDMs) are widely used in ecology and conservation. A key challenge for 

SDMs are presence records from surveys with spatially inhomogeneous sampling intensity, which can 

strongly impact inference and model accuracy. Several methods have been proposed to correct 

sampling bias, and accordingly corrected models are generally assumed to accurately represent the 

species distribution over the study area. However, this assumption may be wrong for species in 

which subgroups (e.g. by sex or age) differ in their habitat association.  

mailto:gladanouk@gmail.com
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We explored the effect of spatial sampling bias on estimated habitat preferences and sex ratios in 

dimorphic species, using a virtual species and a case study of a sexually dimorphic forest bird, the 

Capercaillie (Tetrao urogallus). Specifically, we evaluated three sampling designs (uniform random, 

systematic, and spatially biased) and two correction methods, first on two spatially segregated virtual 

species sub-groups, and secondly on two Capercaillie presence only datasets from a systematic and a 

spatially biased sampling design. In each case, occurrence data included information on subgroup 

identity. 

Sampling design had an important effect on the accuracy of parameter estimation for the virtual 

species: Non-corrected spatially biased sampling resulted in biased estimates of habitat association 

and sex ratios, but both biases could successfully be corrected with established methods and did not 

occur for uniform random and systematic sampling. For the Capercaillie datasets, the estimated sex 

ratio was closer to 50% for observations from the systematic design. However, bias correction 

methods did not alter the values of estimated sex ratios.  

We conclude that current methods for correcting spatially biased sampling can improve estimates of 

both habitat association and sex ratios for dimorphic species, and we suggest that information on 

subgroups with distinct habitat associations should be included in SDMs analyses whenever possible.  

Keywords: sexual dimorphism, species distribution model, spatial sampling bias, sampling design, sex 

ratio, Capercaillie, virtual species  

3.2 Introduction 

The impact of human activities on the environment at different scales, from local (urbanization, 

agriculture), to global (climate change) enforces the need to better understand the relationships 

between species and their environment, and to better predict their distribution. Species distribution 

models (SDMs) are an important tool in ecology and conservation biology (Elith and Leathwick, 2009; 

Franklin, 2009a, 2009b; Johnson and Gillingham, 2005), as they quantify the link of organism 

occurrences to spatial environment characteristics (Elith and Leathwick, 2009). Additionally, SDMs 

can predict spatial distributions that are used to plan conservation actions, wildlife management and 
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monitoring strategies (e.g. new sampling designs). Modeling methods need to be chosen according 

to the scientific question, the specificities of the target species life cycle and, crucially, according to 

the dataset characteristics (Franklin, 2009a; Guisan and Zimmermann, 2000; Merow et al., 2013).  

Occurrence data for distribution modeling comes from many sources, and often do not originate 

from controlled sampling survey designs such as systematic transects or random plots, but from 

preferential spatial sampling or opportunistic observations (Geldmann et al., 2016). Data collected 

without a sampling framework are subject to sampling bias (Guisan et al., 2017), which can be of 

different sources: uneven record intensity in space or time, uneven sampling effort, and variations in 

detection efficiency among observers (Geldmann et al., 2016). Here, we focus on the effects of 

uneven record intensity in space, since spatially biased sampling is a major cause of poor model 

predictions (Araújo and Guisan, 2006; Guisan and Zimmermann, 2000; Renner et al., 2015), and has 

been shown to have a string influence on the accuracy results (Elith et al., 2011, 2006; Phillips et al., 

2006). Spatial sampling bias often occurs in the absence of a pre-define sampling scheme, because 

observers tend to survey areas depending on their personal preferences (accessibility, higher 

potential of observations, good knowledge of the study area) (Isaac and Pocock, 2015). As the 

sampling bias characteristics are specific to each dataset and their influence unknown most of the 

time, it must be approximated by the modeler. Consequently, the effect of sampling bias on 

prediction may often be underestimated, as many published results are not corrected for sampling 

bias before analysis (Yackulic et al., 2013).  

Multiple methods have already been tested in order to correct sampling bias and generate better 

models and predictions. Phillips et al. (2009) proposed the targeted background method, that 

distributes background points in space with the same bias as the observer process. It has been used 

in numerous studies (Kramer‐Schadt et al., 2013), and was shown to give better results than 

randomly distributed background points (Warton et al., 2013). However, when the targeted 

background points are generated over a too restricted area, it can also reduce model accuracy and 

result in lower prediction performances (Fourcade et al., 2014; Thuiller et al., 2004). (Cardador et al., 
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2017) recently proposed to include the potential causes of bias as predictor variables in the models, 

associated with a random background sampling.  

Models successfully corrected for spatial sampling bias and models created from spatially non-biased 

datasets are thought to represent the species distribution over the study area with the underlying 

hypothesis that all individuals are sampled with the same probability, thus covering the panel of 

different habitat needs within the population. This assumption can be wrong in the case of spatially 

biased sampling involving spatial segregation within species subgroups (e.g. sex, age). Those 

differences in habitat selection are well known for a variety of species. However, despite this 

knowledge, the effect of spatial sampling bias on the reliability of predictions when working on 

spatially segregated sub-groups has been little studied.  Conde et al. (2010) investigated the case of 

the jaguar in Central America and concluded that the use of non-gender model underestimated the 

effect of fragmentation on female habitat use, which is an important parameter when planning 

conservation actions. Different seasonal habitat uses were observed for bats (Hayes et al., 2015). 

Multiple studies showed that differences in habitat preference within sex in avian species exist and 

depend on multiple parameters like dispersal capacities, food needs, mating system, morphology 

(Cody, 1985).  

A known example for different habitat preferences between males and females is the Capercaillie 

(Tetrao urogallus). Given their size, weight, and color, the male’s strategy to avoid predation is 

known as “detect predator and escape” or “detect predator and self-defense”, whereas females 

prefer to hide in dense vegetation in boreal forests (Gjerde and Wegge, 1989; Rolstad, 1988; Rolstad 

et al., 1988). The same tendency where males use more open areas than females was observed in 

the Jura massif and in the Alps (Storch, 1993; Thiel et al., 2007). Management guidelines tend to 

highlight only the male’s preferred habitats (Montadert. M. pers. comm.). In addition, the fact that 

presence signs are easier to find in more open areas associated with an underestimation of the 

differences in habitat use between sexes may have lead observers to intentionally concentrate the 

sampling effort on those habitats preferred by males, as e.g. exemplified by a study on Capercaillie 

genetics by  Mollet et al., 2015 were observers were encouraged to focus on roosting and feeding 
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trees, on hiding sites, on internal forest edges, and on root plates and on tree stumps. Indeed, 

assuming that the true sex ratio is 0.5, in that study the sex ratio was biased toward males, reflecting 

the low proportion of female signs found through this sampling protocol (Mollet et al., 2015). A 

second study, on the Cantabrian Capercaillie (Tetrao urgallus cantabricus) sub-species found the 

same results (Morán-Luis et al., 2014). 

In this study, we evaluate the effect of uneven spatial sampling, using different survey design and 

correction methods in the case of spatially segregated sub-groups using both a virtual species, and 

Capercaillie as a highly sexually dimorphic case study species (Catry et al., 2004; Ruckstuhl and 

Neuhaus, 2000; Wolf et al., 2005).  

We hypothesize that using spatially biased sampling leads to (H1) biased estimates of habitat 

association and (H2) to a biased subgroup ratio within the virtual population, but that these biases 

can be corrected by the two methods introduced above (H3). In addition, from our knowledge of 

previous studies on Capercaillie habitat use, we hypothesize that, in the absence of a systematic 

survey protocol, (H4) the datasets will be biased toward males, but that (H5) sampling bias correction 

methods and the implementation of a systematic sampling scheme can correct the sex ratio 

estimation. The general hypotheses H1-H3 were assessed using a virtual species approach, whereas 

Capercaillie-specific hypotheses H4-H5 were tested with empirical data.  

3.3 Material and methods 

3.3.1 Environmental variables 

The environmental variables used in the study for the both virtual species and Capercaillie models 

were derived from LiDAR datasets stemming from two acquisition campaigns over two distinct areas 

(Fig. 23). In the first area, the LiDAR campaign was conducted in fall 2014 and covered 626 km² over 

the Ain department (France). The second LiDAR campaign was conducted in summer 2016 and 

covered a surface area of 431 km² over two other French departments, the Jura and Doubs. LiDAR 

point-cloud metrics were calculated with R package lidaRtRee (https://gitlab.irstea.fr/jean-

matthieu.monnet/lidaRtRee). First, LiDAR raw point clouds were normalized with the Delaunay 
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interpolation method from the LidR package (Roussel and Auty, 2016). Point-cloud summary metrics 

such as mean point density between 10-20 m and between 20-30 m, maximum height, Simpson 

height index and slope were calculated within pixels of size 25 m * 25 m. 

Figure 23 : Study areas with LiDAR surveys, Capercaillie sampling designs and localizations 
for virtual species case study. 

 

3.3.2 Capercaillie case study 

Study area 

The study area is located in the French Jura Massif, within the departments of Doubs and Jura (Fig. 

1). The landscape is composed of a mosaic of small urban areas, pastures, forests and fields. The 

massif is composed of a low plateau (elevation range from 400 m to 700 m a.s.l.) and a high plateau 

(elevation range from 700 m to 1620 m a.s.l.). The forest covers a surface of 480 000 ha in the Doubs 

and Jura departments. Here, we will focus on two forests (forêt du Risoux and forêt du Mont Noir) 

that were surveyed using both subjective and systematic surveys (Fig. 1).  
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Datasets description 

• Design 1: Subjective sampling 

Long-term Capercaillie winter surveys were organized without a strongly prescriptive framework 

between 2007 and 2015 by the “Groupe Tétras Jura” non-governmental organization (NGO). 

Observers surveyed forests known as favorable for Capercaillie, by navigating through the focus area 

according to observers’ preferences. Using a Global Navigation Satellite System (GNSS) receiver, they 

recorded their survey trajectories and Capercaillie sign locations (mostly faeces, prints and feathers). 

Whenever possible, sex was assigned to each observation. This can be done with a fairly high 

accuracy due to animals’ high sexual dimorphism; according to preliminary results from a genetic 

analysis signs such as droppings can be visually assigned to sexes with a 90% accuracy (A. Depraz 

pers. Comm.). All non-sex assigned observations were removed, and the 318 remaining observations 

were used for the analysis (211 males and 107 females).  

• Design 2: Systematic sampling 

The implementation of a new survey protocol in the winters of 2016 and 2017 for a large scale 

Capercaillie genetic survey involved the collection of droppings following a standardized pre-defined 

path. Transect trajectories were separated by 80 m, and observers were requested to stay within 20 

m of their assigned transect. As in design 1, real observers’ trajectories as well as sign locations were 

recorded using a GNSS receiver. 29 observations where the sex was determined were collected (17 

males and 12 females). 

3.3.3 Virtual species case study 

Here, a virtual species showing sexual differences in habitat preferences distribution was simulated. 

100 simulations of presence were created from this distribution and a virtual data collection 

according to three sampling schemes was applied. Then SDMs were parametrize using three different 

methods. 
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Species distribution intensity 

Virtual species presence only datasets were created following an inhomogeneous Poisson process 

model using three environmental variables with low collinearity. All variables were normalized by 

subtracting mean pixel value and dividing by the standard deviation before modeling. The intensity 

λ(s) represents the expected number of individuals per unit (pixel) at position s, and it is computed 

as:  

𝑙𝑛 λ(𝑠) = 𝛽0 + ∑ 𝑥𝑝(𝑠) × 𝛽𝑝

𝑝

1

 

where xp(s) represents the environmental covariate p at location s, and βp are the model coefficients 

associated with each environmental variable, and β0 denotes the intercept term (Renner et al., 

2015). The coefficients β0 and βp were chosen in order to obtain intensity values per pixel between 0 

and 2 (Table 1). From the intensity map, the number of individual presences per pixel was 

independently drawn from a Poisson distribution with mean λ(s). 

As we study the influence of species subgroups (such as the sexual dimorphism effect), two 

occurrence distributions were created, one for each subgroup with different βp coefficients. Those 

groups will be hereafter referred to as male and female. The intercept β0 was set for male in order to 

have a known sex ratio of 0.5 in the study area ((Nobs females)/(Nobs females + Nobs males)) (Table 

9).  

The three environmental variables selected to create those distributions were: the Simpson index of 

vegetation heights, the canopy density between 10-20 m, and slope. Together, these variables 

capture different aspects of the landscape (topography, vegetation density, and vegetation height 

heterogeneity). The correlation between those variables was low: 0.18 (Slope/Simpson), 0.12 

(Simpson/Canopy density) and 0.21 (Slope/Canopy density). Those variables were used on a study 

area of 13 km² (20 800 pixels), located in the French Ain department (Fig. 23). 
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Table 9 : Parameter values for the virtual species sub-groups 1 (female) and 2 (male) 

  Slope Canopy density 10-20m Simpson index Intercept 

Sub-group 1 -0,5 -0.3 -1 -3.8 

Sub-group 2 0.01 -0.02 0.08 -1,0 

 

Modeling 

Maxent it is arguably the most frequently used SDM method designed to handle presence only data 

(Elith et al., 2011; P Anderson et al., 2006; Phillips et al., 2006). Here, we use a recent 

reimplementation of the algorithm building on the equivalence of Maxent with an infinitely weighted 

logistic regression (Maxnet package; Phillips et al., 2017). All analyses were conducted using R (R 

Core Team, 2016) The same environmental variables used to create the virtual species distribution 

were used as predictors for modeling. 

Virtual sampling 

In order to obtain different virtual species sampling datasets, three basic sampling designs (random, 

systematic, and non-systematic) were applied for each species subgroup (Fig. 24). The random 

sampling was done using homogenous sampling within the entire area, using 2000 random points. 

The systematic sampling was created using parallel transects separated by 200 m generated with the 

DSsim R package for a total length of 43,9km. Concerning the non-systematic sampling design, 

subjective trajectories of real Capercaillie surveys over the selected area were used (total length 

31.2km). The comparison of the density curves among the sampling design showed the presence of a 

spatial sampling bias with non-systematic design.  

In a first step, for all cases with known trajectories (i.e. the two non-random designs), the 

observation dataset was created from the realized presences (or signs) distribution by adding a 

distance-dependent detection probability – the detection probability was maximal on the tracks and 

the diminished with increasing distance from the tracks. The detection probability followed a 

logspline distribution fitted to empirical sign location distances to their corresponding trajectory. In a 

second step, for all cases, a random binomial draw was applied, with the virtual species count taken 
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as the number of trials per pixel and distance-dependent detection probability as probability of 

success. The resulting count data was converted into presence only records, by removing the 

locations with no observations. Locations with more than one observation were replicated according 

to the number of signs found at the location.  

  



Chapter 3: Modeling methods 

90 
 

Figure 24 : Overview of the three-sampling designs for the virtual species case study over the 
intensity distribution map. a) represents the random sampling design and random background 
point, b) represents the transects sampling design and targeted background point sampling, c) 

represent the subjective sampling design and targeted background points. 

 

Bias correction methods 

Two different bias corrections methods were applied to systematic and non-systematic sampling 

designs: targeted background points and a distance-to-trajectory variable. Both were compared with 
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a non-corrected model with uniform randomly localized background points. For the targeted 

background point method, 10 000 background points were randomly sampled along transects, where 

the frequency of distances between each background point and transect followed the same logspline 

distribution as the one used to generate the detection probability. The second bias correction 

method was applied by using the distance to trajectories as a predictor variable in the model, 

combined with 10 000 uniform randomly distributed background points. The location of the 

background points were the same across models replicates. 

Parameter estimation  

To control the effect of two bias correction methods on model accuracy, the estimations of 𝛽̂
𝑝
from 

the fitted models were compared to the true values of βp used to generate the intensity map for one 

virtual sub-group. The mean estimation was compared to the true parameter value with a Wilcoxon 

rank sum test.  

Species subgroups ratio estimation 

The species subgroups ratio, here interpreted as sex ratio, was calculated with two approaches: first, 

from the number of observations sampled from the virtual sampling and second from the sum of 

model predicted relative intensities λ̂(s). For the random background point and targeted background 

point models, predictions were made for the study area using the three environmental variables. For 

the distance to trajectories method, distance values were set to 0 in order to predict the potential 

range of the species. The sex ratio estimates were compared with the true sex ratio calculated from 

the 100 distributions of signs generated over the landscape using a Wilcoxon rank sum test. 

3.3.4 Capercaillie case study 

Modeling 

The same modeling method as the one applied for the virtual species study case was chosen to build 

Capercaillie models (section on modeling and bias correction). Three environmental variables were 

selected, describing the characteristics of the canopy cover and the vertical structure known to be 
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essential for Capercaillie (Graf et al., 2009): the density of the canopy between 10-20 m and 20-30 m 

as well as the Simpson index for vegetation heights. The two bias correction methods presented here 

above were used and compared with random background point models. The sex ratio was calculated 

as described in the virtual species case. The differences in ratio of female observations between the 

two sampling designs was tested using an Exact Rate Ratio Test, assuming Poisson counts.  

3.4 Results 

3.4.1 Virtual species case study 

Parameter estimation 

Parameters were estimated for both virtual species sub-groups, for all three environmental variables. 

Only the results of the first sub-group are presented here (for the second sub-group see Annexes III 

Supporting information Fig. S1; Table S1). Non-corrected models and corrected models mean 

parameter estimates were compared with the true parameter value (Fig. 25). The estimated 

parameters differed significantly from the true value in most cases, there was considerable variations 

in the size of this discrepancies across scenarios. Parameter estimation for the random design and 

random background point showed a mean of estimated parameters close to the real parameter 

value, for the three variables in the sub-group 1 case but not different for slope only. When using the 

transect design, the estimated values of Simpson were not non-significantly different in the case of 

targeted background points (Table 10). However, all other estimated values were significantly 

different from the true parameter value. Nevertheless, minor variations are observed between the 

three correction cases, and estimated values are still relatively close to the true parameter value. For 

the subjective design, when no correction is applied (random background points), the deviations of 

estimated parameters from the true value were much larger. This discrepancy was reduced for the 

three variables by the two correction methods, with no significant differences observed for the slope 

variable anymore. Finally, an increase of the variance when estimating the parameters in the case of 

sampling bias correction was observed. 
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Figure 25 : Parameter estimations (100 models) for sub-group 1 (female) 

 

Table 10 : Wilcoxon test p-values on parameter estimation mean values 

 

 Species subgroups sex ratio estimation 

For the systematic sampling design, the estimated sex-ratios, based on either raw observations un-

corrected SDMS were already very close to the true value, but the use of any of the two corrections 

method still improved this estimation (Fig. 26. Table 11). However, for the subjective design, the sex-

ratio is highly biased in favor of one subgroup when the sex ratio is estimated from the raw number 

of observations or from intensity maps predicted from a non-corrected model. When a correction 

method is applied, the estimated sex ratio is better estimated in the case of targeted background, 

but not significantly different (p-value of 0.47), whereas the mean value observed with the distance 
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to trajectories method is closer to the true ratio value and significantly different (p-value 0.0012). As 

for the estimation of the variable parameters, the variance observed within the distribution of the 

ratio estimation increases when a correction method is applied. 

Table 11 : P-values from the Wilcoxon test on the ratio estimation distribution. 

 

Figure 26 : Sex ratio estimated in the virtual case study from the number of observations and 
from predictions of SDMs that use different sampling designs and correction methods. The red 

line represents the mean sex ratio calculated from all simulated presences. 

 

3.4.2 Capercaillie case study 

Parameter estimation was compared between the modeling cases and the sexes. Variations among 

the different sampling designs and corrections were observed for both sexes, but no clear pattern 

regarding sampling design or the bias correction was found. For the relative canopy density (20-30m) 
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variable, a difference between males and females was observed in the case of systematic sampling: 

this pattern was not found for the values estimated from subjective sampling (Fig. 27). 

Figure 27 : The parameters estimation of Capercaillie for each sex in function of the sampling 
design and applied corrections. 

 

The sex ratio was closer to the value of 0.5 in the case of systematic sampling, in all cases (Table 12). 

This ratio was lower in the case of subjective sampling in all cases. Nevertheless, the difference in 

ratio of female observations between the two sampling designs was not significant (p-value = 0.58). 

No effect of spatial-bias correction methods on the sex ratio estimate was found, i.e. corrected 

models predicted a similar sex-ratio than non-corrected models.  

Table 12 : Sex ratio estimates for Capercaillie 

  
Number of 

observations 
Non-

corrected 
Targeted 

background 
Distance to 
trajectories 

Systematic 0,41 0,41 0,42 0,41 

Subjective 0,34 0,34 0,35 0,34 

 

3.5 Discussion 

The aim of this study was to evaluate the effect of different sampling designs on species sub-group 

ratio estimations. Two bias correction methods were tested to correct bias sampling schemes on two 

sampling designs, i.e. a transect and a subjective sampling design. 
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The sampling design had an important effect on the accuracy of the model results in our study, in 

accordance with previous research (Thibaud et al., 2014). As expected, the systematic sampling 

design allowed a better estimation of the parameters with or without corrections for potential spatial 

bias, as it covers a larger part of the landscape variations constraining the observer to also visit areas 

with expected lower habitat quality such as denser vegetation cover (canopy or understory), thus 

reducing possible spatial bias (Cardador et al., 2017). The use of real observer trajectories to sample 

a virtual species confirmed that a non-negligible sampling bias can occur in the absence of a pre-

defined sampling design. The Knowledge of observer trajectories during their survey associated with 

one method of bias correction allowed a better estimation of each variable parameter in all cases. 

These results are highlighting the importance of having a good knowledge of the sampling effort will 

help to produce more accurate models (Kramer‐Schadt et al., 2013; Ranc et al., 2017). However, 

those better estimations are made at the cost of an increase of the variance of the parameter 

estimations. The well-known targeted background point method performed equally well compared 

to the alternative method using “distance-to-trajectory” as predictor variable combined with random 

background points. However, differences between these methods might be more pronounced in 

different settings, as the overall effect of bias correction also depends on the modeling technique 

(Thibaud et al., 2014), and the occurrences of the species (wide or narrow range) (Ranc et al., 2017), 

and the sample size (Thibaud et al., 2014) .  

The estimation of the ratio between species sub-groups using a virtual species showed that a major 

bias can occur when two subgroup habitat preferences differ. The use of systematic sampling 

allowed a correct estimation of the ratio, which was even better when correction methods were 

applied. However, when the observations were sampled using a subjective design, the ratio was 

highly biased toward one subgroup. The application of the two correction methods allowed a more 

reliable but not fully corrected estimation of this ratio as Syfert et al. 2013 observed in their study. 

This shows that if the implementation of a systematic design is not possible, the application of a 

correction method such as the two tested in this study is still a good option. As expected, our results 

indicate that if the difference between sub-groups is not taken into account when the dataset is 
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spatially biased, it is likely that the full range of the potential habitat will not be covered. This can 

greatly impact future conservation actions (creation of protected areas, habitat restauration) by 

lowering the importance of one type of habitat or the impact of anthropogenic activities on a part of 

a population (Conde et al., 2010; Jiménez et al., 2017). Still, if models are developed for each sub-

group separately with a correction for spatial sampling bias, those differences in habitats may appear 

clearly by comparing the response curves and the predicted maps.  

In our study case on Capercaillie, the sex ratio was leaning toward males for both sampling designs. 

This ratio was closer to the value for a balanced sex ratio for the observations collected with the 

systematic design. Proportionally more female signs were collected with this protocol than with the 

subjective one. However, the number of observations available for the systematic design was very 

low (29), thus more data are needed to confirm this pattern. Nevertheless, the ratio toward males 

observed with systematic sampling (0.59) was slightly lower than the one reported by previous 

studies (0.63 and 0.625) that used non-systematic sampling (Mollet et al., 2015; Morán-Luis et al., 

2014). Neither of the two correction methods had an effect on the estimated sex ratio. This may be 

due to multiple factors, such as the limited number of observations, the pertinence of the 

environmental variables used in the model (Johnson and Gillingham, 2005) which can influence the 

overall model accuracy. The productions of overall inaccurate models may limit the effects of the 

corrections methods. We can also suppose that a lower than expected difference in habitat use 

between sexes is occurring in Capercaillie populations. In addition, though the same forest areas 

were surveyed, some parts of the forest were surveyed only with systematic or only with subjective 

design (Fig. 23), limiting the direct comparability of the sex ratios.  

Even if the differences in habitat preferences between sexes for Capercaillie were small in this study, 

many other species show more differentiated habitat use that could affect model accuracy 

significantly. This was observed in mark-recapture studies (McKnight and Ligon, 2017) and telemetry 

studies (Kolts and McRae, 2017). While systematic protocols are more robust to differences between 

subgroups, their use is unlikely to solve the entire problem of biased detectability. Despite the spatial 

sampling bias, difference in detection probability can still introduce bias towards one sub-group in 
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models (Guillera‐Arroita, 2016; Lahoz-Monfort et al., 2014). This limitation is well known in studies 

that aim to estimate population size (McKnight and Ligon, 2017). In the specific case of Capercaillie, 

differences in behavior related to the higher risks of predation on females, due to their smaller size. 

Their presence in denser vegetation cover may induce a lower detection rate in such environments, 

combined with a tendency to avoid long movements, and thus inducing a more restricted spatial 

distribution of droppings, further reducing the chance of observing signs (Mollet et al., 2015). 

Furthermore, it has been observed that females in winter have a gregarious behavior, leading to the 

presence of one to three individuals in a single roosting tree which cannot be reliably detected by the 

observation of signs only such as dropping (A. Depraz, pers. comm.). 

3.6 Conclusion 

The use of non-systematic sampling protocols can be a problem when working with species where 

sub-groups have different habitat use behavior. When using a non-systematic sampling design, the 

habitat preferred by one sub-group can be underrepresented in the dataset, rendering the 

predictions from SDMs biased. The two spatial bias correction methods tested here were able to 

correct this effect as evidenced in a virtual species study case, but not in the case of a dimorphic 

forest bird, Capercaillie. We argue that spatial correction methods can be useful when developing 

SDMs for sub-groups with distinct behaviors. But their effectiveness cannot be taken for granted and 

other potential sources of bias, such as sex-differences in detectability, require additional attention. 
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4 The role of sampling design: can we reduce sampling 

bias effect? 

4.1 Introduction 

A dataset is defined as spatially biased when the selected study area is unevenly sampled. Here, two 

situations can occur: (1) all types of habitats are sampled, but some types are more sampled in 

proportion than others, (2) some habitats types in the landscape are not sampled at all. In the first 

case (1), if the sampling bias is not corrected, the resulting distribution will likely represent the 

sampling survey effort rather than the species real distribution, which can lead to a mis-

interpretation of SDMs results (Reddy and Dávalos, 2003) (e.g the target species favors habitats close 

to road and trails). In the second case (2), as only part of the landscape is sampled, it can make 

predictions within non-sampled habitat types unreliable. 

As we saw in the precedent section, sampling bias correction methods are a powerful tool to obtain 

better parameter estimates than with non-corrected models when working with such biased 

datasets. Nevertheless, those correction methods have their limits, as the two methods tested earlier 

were not able to correct for the sex ratio estimation with the Capercaillie datasets. Thus, it is not 

surprising that the improvement of sampling design for SDMs is one of the five challenges for future 

SDMs highlighted by (Araújo and Guisan, 2006). Indeed, it is acknowledged that random or 

systematic sampling lead in general to more accurate models. This was confirmed by the results 

presented in the first part of this chapter where better parameter estimations were observed in the 

case of random or systematic sampling. Unfortunately, the use of such designs is time and cost 

consuming as there is often a large area to be covered. In addition, environments that are rough for 

the observers such as dense forest, or landscapes with the presence of cliffs or rivers, as well as the 

presence of private propriety in the study area are often an obstacle to promote such unbiased 

sampling schemes. Then, knowing those constraints, how can the data sampling design ameliorate 

models’ performance and reliability without using a fully random or systematic sampling? In this 
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section, the effect of sampling design will be further investigated, with the aim to propose alternative 

sampling strategies which may ameliorate the results of SDMs. The hypothesis that the combination 

of datasets originated from systematic sampling design with spatially biased datasets may improve 

models performance and accuracy was thus formulated.  

4.2 Methods 

Following the methods presented in the submitted paper in the precedent section, two new sampling 

designs were tested on the virtual sub-group 2 (male) case, in addition to the random, transect and 

subjective sampling design initially presented.  

The first design is a combination of the subjective sampling with an additional systematic transect 

localized in a part of the landscape adding new information on the environment. This design was 

created to observe the effect of a better coverage of the study area on the parameters estimation. 

Thus, the transect location was an essential aspect, as it is likely to influence the parameter 

estimation performance. This location was chosen among five transects, and the proportion of new 

information added for the three environmental variables regarding the landscape and the subjective 

design was evaluated using density curves.  

In a second part, a sampling design combining all systematic transects and subjective sampling 

trajectories was created to investigated the effect of the over-sampling a part of the landscape in the 

case of a full coverage of the study area. 

To control the effect of two bias correction methods on model accuracy, the estimations of 𝛽̂𝑝 from 

the fitted models were compared to the true values of βp used to generate the intensity map for one 

virtual sub-group. The mean estimation was compared to the true parameter value with a Wilcoxon 

rank sum test.  
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4.3 Results 

4.3.1 Choice of the single transect location 

The location of the selected transect was chosen among five locations (Figure 28).   

Figure 28 : Location of five candidate transects 

 

Density curves show that two transects are adding more information on the landscape than the 

others regarding the subjective sampling (Figure 29). Indeed, the transect case 1 is sampling low 

values of Simpson index and Canopy 10-20m, that are not sampled with the subjective sampling. The 

case 5 transect samples higher values of slope that are not sampled with the subjective design. 

Finally, the transect case 5 was arbitrarily chosen, and added to the subjective trajectories as a new 

sampling design. 
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Figure 29 : Density curves for the three environmental variables along subjective trajectories, 
candidate transects and within the landscape. 
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4.3.2 Parameter estimation results 

The results of the parameter estimation for the sub-group 2 are presented in the figure 30.  

First of all, contrary to the estimation observed with the sub-group 1 in the precedent section, no 

strong effect of the bias was observed for the canopy density estimation parameter, leading to a 

good estimation in all cases. Those estimations were non-significantly different only for all subjective 

cases, subjective and one transects, subjective and all transects with no correction (table 13). Yet, an 

increase of the variance was observed when correction methods were applied.  

The estimation of the slope parameter was better with the random and transects sampling design. In 

the case of subjective sampling, the estimation was wrongly estimated when non-corrected for 

sampling bias. When a transect was added, the estimation of the parameter was closer to the true 

value, when no corrections were applied, but was not fully corrected. The addition of one of the 

correction methods solved this problem. In the case of all subjective trajectories and transects 

combined, the estimation of the slope with no correction was close to the true value, but was still not 

better than results obtained with the transects design with no correction. The application of the 

corrections to this case gave relevant results with a lower variance increase than observed with the 

subjective only and subjective design combined with one transect cases. However, despite those 

observations, the estimations were still non-significantly different for the random design and for the 

subjective and one transect design corrected with targeted background point cases (table 13).  

The same pattern was observed for the Simpson index variable, but a clear improvement of the 

parameter estimation with the addition of one transect (with no-correction) was not observed. The 

estimation was non-significantly different from the true value in only four cases: transects, 

subjective, subjective and one transect, subjective and all transects corrected with the targeted 

background point method (table 13). 
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Figure 30 : Parameters estimation of 100 models for the virtual species (sub-group 2) in different 
sampling cases. 

 

 

Table 13 : p-values from Wilcoxon rank test 
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4.4 Discussion 

Interestingly with the case of this virtual species second sub-group (male), the effect of spatial 

sampling bias was not observed on the variable canopy 10-20m contrary to the effect observed with 

the sub-group 1 (female, see precedent section). This might be due to a better sampling of the sub-

group 2 occurrence range in proportion to its availability in the landscape compared to the sub-group 

1 in the case of subjective sampling (Figure 31), leading to a good representation of the preferred 

habitat type for this variable. Consequently, the sampling bias effect was higher in the case of the 

female virtual sub-species and thus the effect of the corrections was stronger as well. 

  



Chapter 3: Modeling methods 

112 
 

Figure 31 : Proportion of suitable habitat in the landscape and along systematic transect and 
subjective trajectories, blue is male and red is female. 
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The addition of systematic transects to subjective sampling designs can participate to the 

amelioration of the parameters estimation. However, in the case of one additional transect, this 

contribution is highly dependent on its location, as a stronger positive effect was observed for the 

variable slope only. This result is concordant with the observation of the density curves, where the 

transect location was bringing additional information on slope variations in particular. When all 

trajectories were combined (transects and subjective), the bias for two variables was lower when not 

corrected, showing that if the sampling bias is unknown, the implementation of a systematic survey 

can greatly ameliorate the models without making assumptions on the bias occurring in the previous 

dataset. The combination of those two designs showed that when the correction is applied, the 

parameter estimation is even better, with a lower variance increase than with the other cases. This 

observation is joining the results obtained by Koshkina et al. (2017 that a combined use of systematic 

and biased datasets can ameliorate models accuracy. Thus, if the sampling bias cannot be fully 

estimated (which is the case in most studies) the implementation of systematic or random additional 

sampling may ameliorate models’ accuracy when added to the initial biased dataset. When it is 

impossible to pursue a full sampling in the study area with a random or systematic design, several 

systematic transects can be added, but should be preferably located in non-prospected areas in 

order to obtain additional information on the species occurrence (Cardador et al., 2017). 

Furthermore, nowadays multiple resources are available to construct sampling schemes and multiple 

other combinations than those tested here can be generated such as probabilistic sampling, stratified 

sampling, and mixed random and systematic sampling design (Pavlacky Jr et al., 2017). Nevertheless, 

those sampling designs need to be adapted to the aim of the study. This not only includes the 

objectives, but also the landscape and species characteristics and the socio-economical factors to be 

applied in the field  (Lengyel et al., 2018) and thus ultimately improve future models. 
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5 The choice of spatial scale 

The way individuals perceive and response to their environment is a key point which needs to be 

addressed when implementing SDMs. The individual’s perception is influenced by multiple factors at 

different hierarchical levels in space or time (Wiens, 1989). Mayor et al. (2009) in their review 

described six different types of levels used to define habitat selection at multiple scales: 

• Causal levels  

• Organizational levels (species, population, individual) 

• Environmental or geographic levels in spaces (forest patch, tree species, trees individuals) 

• Environmental or geographic levels in time (disturbances cycle, season, daily light) 

• Behavioral levels in space (species range, population range, home range, territory) 

• Behavioral levels in time (generation time, annual breeding, migration, feeding bout) 

This implies that one individual will response to different environmental components at different 

levels at the same time. For example, an individual Capercaillie may choose a particular tree because 

its shape will provide shelter, but also because it is near other tree species which will provide food 

and all of them are present within a large suitable forest patch. If one of these elements is not 

achieved, for example, the trees are not a part of a reasonable forest patch; this individual will not 

choose that particular tree at the first place. The imbrication complexity of those multiple levels is 

challenging to take into account in species distribution modeling but their understanding is 

nevertheless essential. Therefore, the development of “multi-scale” modeling methods has been 

promoted since the first definition of the concept by Stommel (1963) and multiple publications have 

highlighted the importance of scales (Wiens, 1989).  

To achieve this objective, a five level hierarchical framework linked with their potential adapted from 

(Johnson, 1980) was proposed by Meyer and Thuiller (2006):  
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• Level 0: Geographical ranges within world or parts of worlds (the objective could be to 

assess biodiversity or climate change) 

• Level 1: Regions containing populations (the objective could be reserve design, meta-

population management, land-use planning) 

• Level 2: Individual home range within region where a population is present (the objective 

could be habitat management, conservation of used area) 

• Level 3: Individual life requirement at patch scale within the home range (the objective could 

be habitat management or mitigation of impacts) 

• Level 4: Micro-habitat requirement, habitat characteristics that can be related to individual 

life requirement (the objective could be protection of key life history attributes) 

Thus, in our case, the identification of which level should be analyzed considering our objectives was 

made. For Hazel Grouse the main objectives are to propose habitat suitability maps in order to plan 

future surveys in the Jura. Concerning Capercaillie, the identification of unsuitable habitats in order 

to help future management actions is the main purpose of the study. In both cases, models which 

include variables at intermediate level are necessary to prioritize management actions at coarse 

resolution, for example how many local patches should be we plan to restored in order to increase 

the global suitability of the territory or forest stand area. The two lowest levels are also important as 

it may facilitate the interpretation of the results and help the decision of forest managers for the 

choice of the local management action itself.  

Regarding those observations, we choose three levels of interest for our study: 

• Home range level (n°2) 

• Patch level (n°3)  

• Micro-habitat level (n°4) 
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5.1 From multiple levels to multi-scale selections 

The major challenge in multi-scale habitat modeling is to define the best scales at which the species 

respond to each of the different variables used as predictors (Mayor et al., 2009).   

In order to achieve this objective, different strategies of multi-scale modeling have been conducted. 

McGarigal et al. (2016) in their recent review classified those strategies in 6 different categories 

(table 14).  

Table 14 : Multi-scale model strategies from (McGarigal et al., 2016) 

 

From the use of those different strategies, a few recommendations were proposed by (McGarigal et 

al., 2016) in order to improve multi-scale selection modeling.  

• (1) clearly define levels of habitat selection under investigation following the categories 

introduced by (Meyer and Thuiller, 2006) 

• (2) promote multi-scale approach among levels 

• (3) for each level of habitat selection, identity and justify the choice of scales 

•  (5) true optimization approach should be used when possible 

• (6) compare multi-scale analysis within a level to the best single-scale models 

  

Strategy Description

A priori single scale One scale for each variable within each level

A priori separate scale
A single but different scale for each variable  (not empiric), variables are not 

combined

A priori multiple scales
A single but different scale for each variable  (not empiric), variables are 

combined into a single model

Pseudo-optimized single scale
Evaluation of all variables simultaneously across a range of scales, and 

select one best scale model

Pseudo-optimized multiple scales
Evaluation of each variable at multiple scale separatly, and are then 

combine together at their best scale to produce a final model

Pseudo-optimized multiple scales 

altnernative

All variables are evaluated togheter at multiple scales, scales were not pre-

defined but selected by an optimization algorithm
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5.2 Selection of scales and methods 

We already defined three levels of interest for our models. Following the recommendation (2) above, 

we will use multiple scales within each level. This choice is also supported by the fact that multi-scale 

models were found to better estimate the relationship between habitat characteristics and 

Capercaillie presence (Graf et al., 2005).  As the scales are defined within levels, it is depending on 

each species life requirement; those values were defined in consequence.  

Concerning Capercaillie, the scales were defined with the help of experts as large differences in home 

range surface were observed according to the study area. For the home range level, three scales 

were selected, 15.8ha, 27.5 ha and 56 ha, thus representing different potential surface areas. The 

two patch level scales (0.81 and 1.8ha) are representing the area that an individual can cover in one 

day. Two scales were selected to describe the micro-habitat, 0.31 ha and 0.0625 ha, thus 

representing the immediate environmental component to birds location. 

Hazel Grouse has a smaller home range than Capercaillie with couples living on a 20-40 ha territory. 

As a consequence, the scales 15.8 ha and 27.5 ha were chosen. At the patch level, three scales were 

selected: 7 ha, 1.8 ha and 0.81 ha. The micro-habitat scales were similar to those presented for 

Capercaillie (0.31 and 0.0625 ha). 

Using the different selected scales, two methods that use optimization were chosen: pseudo-

optimized single scale and pseudo-optimized multi-scale methods. The results will be compared to 

identify the best models and the best scale for each variable. This framework is presented in the 

figure 32 below. 
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Figure 32 : Framework used to produce and compare models using different scales 

 

This framework was used to produce both Hazel Grouse and Capercaillie models (chapter 4 and 5).  

6 Conclusion 

In this chapter, the principles and assumptions behind SDMs were reviewed as a first step on the way 

of producing reliable and pertinent models. The importance of the choice of the modeling technics 

according to the study objectives and datasets characteristics was highlighted. Thus, the choice of the 

algorithms that were used for both bird and beech regeneration was documented according to our 

objectives.  

The role of spatial sampling bias on SDMs performance and relevance was examined more closely. 

Indeed, the specific case of Capercaillie as a dimorphic species and the opportunity to work with data 
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from two different sampling designs was taken to study the effects and reliability of two spatial bias 

corrections methods. In a second part, the role of sampling design as a tool to ameliorate SDMs 

outputs was examined. From those two studies, we conclude that current methods for correcting 

spatially biased sampling can improve estimates of both habitat association and sex ratios for 

dimorphic species.  More importantly, we believe that information on subgroups with distinct habitat 

associations should be included in SDMs analyses whenever possible. Finally, the addition of data 

from systematic sampling designs can substantially ameliorate the parameters estimation when used 

with appropriate correction methods. 

In a last part, the importance of spatial scales was presented as well as the framework created for 

Hazel Grouse and Capercaillie modeling.  

In the next chapters, recommendations reviewed here were applied in order to produce SDMs. 
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1 Introduction 

The species population showed a dramatic regression at lower altitudes between 1950 and 1990 in 

France. In the Jura Massif, the population continued to disappear from the lower elevation areas 

during the last decade as well (2000-2009) (Bellon 2011). In this context, we seek to improve our 

knowledge of the species actual distribution across the Jura Massif with the conception of a new 

survey protocol to collect future data on the species. Indeed, so far Hazel Grouse surveys conducted 

by the NGO “Groupe Tétras Jura” were paired with Capercaillie surveys, restricting the actual data to 

upper elevation environment, where Capercaillie is still present. However, Hazel Grouse potential 

distribution is much larger, thus obtaining field data for that particular species over its full potential 

presence range is time-consuming. The improvement of the sampling survey design must fulfill two 

objectives:  

1)  Optimize the protocol to give us new information on the species distribution  

2)  The protocol should be cost-effective, regarding the funds available for the project.  

For this purpose, we elaborate, in this chapter, multi-scale species distribution models for Hazel 

Grouse, which are meant to select areas for future sampling. In addition to this objective, the 

datasets were used to explore the effect of interaction features on models performances and on the 

interpretation of the response curves. This will be presented in an article (n°2) submitted to the 

journal wildlife biology. In a second step, the univariate responses curves and predicted maps 

obtained with those models will be presented. 
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2.1 Abstract  

The Hazel Grouse is a locally endangered forest bird occurring in France. Due to its secretive 

behavior, the estimation of its distribution range in the Jura Massif is challenging. Species 

Distribution Models are widely used for conservation and wildlife management purposes. In the case 

of Hazel Grouse, such models could be used to plan future surveys. To produce a relevant model, the 
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choice of environmental variable response features is important. The product feature is particularly 

important as it can take into account the effect of an interaction between two variables. Thus, the 

impact of the addition of an interaction term on the model performance, response curve 

interpretation using a three dimensional curve has been evaluated. Yet, the addition of an interaction 

term between two selected variables did not improve model performance for Hazel. The choice of 

scales for the selected environmental variables is also known to be an important aspect of SDMs 

modeling. However, in past studies on Hazel Grouse, very few used multi-scale analysis for SDMs 

modeling. Thus, using seven different scales, model’s performance and variable contribution were 

evaluated using both single-scale, multi-variable models and multi-scale, multi-variable models 

(mixed model) over two study areas. The expectation that, the best scales observed, will be similar 

between the two study areas was also not validated by our results. Nevertheless, four main 

contributing common variables were found to have a high impact in both study area models and at 

all scales: the standard deviation of the canopy density, the proportion of open areas, the 

penetration between 2-5m and the tree density >10m. 

Keywords: Species distribution modeling, interaction feature, response curve, Hazel Grouse 

2.2  Introduction  

Hazel Grouse (Bonasa bonasia) is a locally endangered forest bird occurring in France. Indeed, the 

species population showed a dramatic regression at low altitudes between 1950 and 1990 in the 

country mainly due to habitat loss and fragmentation (Huhta et al. 2017). In particular, in the Jura 

Massif, the population continued to disappear from the lower elevation areas during the past 

decades as well (2000-2009) (Bellon 2011). The species is a discrete bird, difficult to observe making 

the estimation of its distribution challenging. In this context, improving the knowledge of the species’ 

potential distribution across the Jura Massif is needed.  

Species Distribution Models (SDMs), also called habitat suitability models, are widely used in 

conservation biology (Franklin 2009a, 2009b; Guisan and Zimmermann 2000). SDMs aim to relate 

multiple presence locations to relevant environmental parameters (Guisan, Thuiller, and 
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Zimmermann 2017). Thus, those models can provide researchers and practitioners accurate and 

useful information on the habitat preferences of a species over local or large landscapes (Elith et al. 

2011). Those results are often used as a management or conservation tool (Guisan et al. 2013). 

However, obtaining pertinent and valuable predictive models requires that implications and limits be 

clearly understood (Merow et al. 2014). 

 Maxent it is arguably the most frequently used SDM method (Elith et al., 2011; P Anderson et al., 

2006; Phillips et al., 2006). When using this method, a first element is the choice of the features and 

interactions. Features represent different possible transformations of the variables, which aims to 

get closer to the complex response of the species to each particular variable. The simplest feature is a 

linear response, but it is recommended to include other features such as quadratic, hinge, product or 

threshold in models (Elith et al. 2011). Indeed, those choices will constrain the response of the 

species to each variable in different ways, leading to different models in terms of complexity and 

interpretations (Merow et al. 2014). As an example, quadratic features can indicate the tolerance of 

the species to the variation from the best conditions which cannot be observed with linear features 

(Elith et al. 2011). The product feature is particularly important as it can take into account the effect 

of an interaction between two variables. In this case, the effect of one variable varies according to 

the values of a second variable. Thus, a documented choice of the features is necessary as it can 

improve both model performance and the interpretation of the environmental variables regarding 

the biology of the species (Elith et al. 2011). The interpretation of the results is an important aspect, 

as it can highlight the limitation of models. In p articular, species response to the environmental 

variables interpretation, regarding their biological plausibility for the species is highly valuable. This is 

usually done by calculating the univariate response for each variable. However, the spatial 

predictions over the full landscape are the results of the variable variations combination which is 

difficult to visualize with such a type of univariate response (Zurell, Elith, and Schröder 2012). The 

interaction terms can capture the covariation between two variables, as well as a threshold within a 

gradient (is a homogenous environment more suitable with low or dense vegetation?) (Merow et al. 
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2014). Thus, the first aim of this study is to evaluate the effect of the addition of a product feature on 

the interpretability and the accuracy of model prediction. 

The choice of scales for the selected environmental variables is also known to be an important step 

for SDMs. Indeed, the perception of their environment by individuals is influenced by multiple factors 

at different hierarchical levels in space (eg. landscape, home range, patch levels) or time (e.g. hour, 

day, season) (Wiens 1989). This implies that one individual will respond to different environmental 

components at different levels at the same time. Therefore, the development of “multi-scale” 

modeling methods has been promoted since the first definition of the concept by Stommel (1963), 

and multiple publications have since then emphasized the importance of scales. To address this, we 

can distinguish two types of approach; 1) define a scale the environmental variable a priori using 

expert knowledge of the species, 2) use empirical methods and optimization to select the best scales 

among a range of values using models own results. However, in past studies on Hazel Grouse habitat 

suitability, very few used multi-scale analysis. Indeed, to our knowledge, only five studies used 

between two and four scales (Zellweger et al. 2014; Schäublin and Bollmann 2011; Aberg et al. 2000; 

Swenson 1993; Sitzia et al. 2014). Thus, the second aim of this study is to address this issue. For this 

purpose, models will be created at different selected scales using a pseudo-optimized framework and 

subsequently compared (McGarigal et al. 2016).  

Finally, the choice of environmental variables that will be meaningful from the species’ point of view 

and thus will capture the influence of the environment on individuals is an essential and well known 

pre-requisite to create relevant models (Johnson and Gillingham 2005). The Hazel Grouse is a cryptic 

bird, found in a large variety of habitats due to its large distribution from Hokkaido (Japan), through 

Russia and Scandinavia, to the Alps and Carpathian massifs. Thus, this species can be found in diverse 

habitats from the young successional stage to the old-growth deciduous stand, and from mixed to 

coniferous dominated forests. Hazel Grouse is known to occur in well-structured stand with at least 

two vegetation layers associate with a dense understory and an horizontally heterogeneous habitat 

(Müller, Schröder, and Müller 2009; Schäublin and Bollmann 2011). As a consequence, the use of 

LiDAR extracted variables, which can capture the three dimensional structure of the vegetation,  in 
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SDMs has recently been promoted for this species (Melin et al. 2016; Bae et al. 2014; Zellweger et al. 

2014, 2013; Rechsteiner et al. 2017). However, so far the variety of variable and of forest 

environment (boreal, alpine and Jura forest types) used, could not lead to the emergence of a 

consensus on which LiDAR variables best predict the distribution of the Hazel Grouse. Because we 

had the opportunity to compare models from two separate LiDAR datasets, which originate from two 

different LiDAR campaigns the third objective of this study will be to investigate models 

transferability and limits regarding the choice of the variables. In addition, the fact that only one 

among five studies using LiDAR variables  (Zellweger et al. 2014) was conducted to our knowledge 

with a multi-scale analysis, can be highlight, and ensure again the need for the promotion of multi-

scales models frameworks. 

In sum, using the study case of an endangered species for which the production of an appropriate 

and reliable species distribution model is needed, we propose three objectives:  

1. To evaluate the effect a product feature on model performance, response interpretability 

and predictions  

2. To compare the performance and the contribution of variables among scales 

3. Choice and transferability of LiDAR variable for Hazel Grouse 

We expect that the addition of an interaction term will improve models performance and that the 

response curve interpretation will be facilitated by the use of a three dimensional curve. We also 

hypothesize that multi-scales, multi-variable models will give better results than single scale models 

as it was showed in multiple studies (Timm et al. 2016; Rostro-García et al. 2016; Vergara et al. 2016). 

In addition, we expect that, the best scales observed, will be similar between the two study areas. 

We hypothesize, that the same important predicting variables will be observed at both study sites 

and at each single scale and mixed models, thus representing important environmental component 

for the species. 

  



Chapter 4: Hazel grouse distribution models 

127 
 

2.3 Material and methods 

2.3.1 Study areas 

The study area lies in the east of France, in the Jura Massif, located within the departments of Ain, 

Doubs and Jura (Fig. 33). The landscape is composed of a mosaic of small urban areas, pastures, 

forests and fields. The massif is composed of a low plateau (elevation range from 400 m to 700 m 

a.s.l.) and a high plateau (elevation range from 700 m to 1620 m a.s.l.). The forest covers an area of 

4800 km² in the Doubs and Jura departments. The Ain department comprises 1920 km² of forest 

(based on the IGN national forest inventory 2005-2009, https://inventaire-forestier.ign.fr/ ). On the 

lower plateau, forests are mainly deciduous-dominated composed of beech (Fagus sylvatica), ash 

(Fraxinus excelsior), oak (Quercus petraea) and spruce (Picea abies). Above 1 000 m forests are 

mainly dominated by conifers, and composed of a mix of spruce, fir (Abies alba) and beech. The Ain 

department is characterized by an unforested subalpine level at higher altitudes. The climate is 

continental with temperature varying between -5.9°C and 21.1°C and a mean annual precipitation of 

1874 mm (https://donneespubliques.meteofrance.fr/). 

  

https://donneespubliques.meteofrance.fr/
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Figure 33 : Location of the study area within three French departments, (Ain, Jura, and Doubs). 
Two LiDAR campaigns were conducted in two different parts of the study area. 

 

2.3.2 LiDAR datasets 

The study area was covered by two different airborne LiDAR surveys (Fig. 33). Both surveys were 

conducted using a Riegl LMS Q680i system (RIEGL Inc., Horn, Austria). The system was operated with 

a maximum half-scan angle of 30°, full wave-form digitization. 

In the first area, referred to hereafter as “Ain study area”, the LiDAR campaign was conducted in fall 

2014 and covered 626 km². An average point density of 21.3 points/m² with a vertical error of 10cm 

was obtained. During this campaign, the whole landscape was covered with LiDAR. 

The second LiDAR campaign hereafter referred as “Jura study area”, was conducted in summer 2016, 

and covered a surface of 431km². An average point density of 18 points/m² and vertical error of 

10cm was obtained. Contrary to the first campaign, only forest areas that are potentially occupied by 

Hazel Grouse were surveyed, which led to a fragmented partial description of the landscape.  
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Due to differences within LiDAR campaigns (e.g. the season of flight survey), the environmental 

variables extracted from LiDAR were calculated and used separately in models.  

2.3.3 Others environmental datasets 

Non-LiDAR datasets were also used to calculate environmental metrics. First, satellite imagery data 

from Copernicus Sentinel-2 images taken on a clear day were used (17/07/2016 Copernicus Sentinel-

2 data 2016 processed at level 2A by CNES for the THEIA Land data center, http://www.theia-

land.fr/fr/node/816 ). In addition, forest parameters collected from forest vegetation surveys 

acquired by the French National Forest Office (ONF) in the Ain department were also used 

(“Protocole de suivi dendrometrique des réserves forestières”, including permanent plot data and 

tree location sampling for LiDAR individual tree calibration). Datasets on anthropogenic 

infrastructures were also added i.e. roads from the French national institute for geographical and 

forest information (IGN) Route 500® and building locations and surface areas from IGN BDTOPO®. 

2.3.4 Hazel Grouse surveys 

Long-term Hazel Grouse surveys were organized between 2007 and 2016 by the “Groupe Tétras 

Jura” a non-governmental organization (NGO) in the Jura Massif. Surveys were conducted in winter, 

from January to April, in the presence of a snow cover. Observers surveyed the forest outside trails, 

using a Global Navigation Satellite System (GNSS) receiver to record their survey tracks and Hazel 

Grouse sign locations (mostly sign such as feces, prints and feathers). A total of 961 sign observations 

were collected within the Jura study area, and a total of 139 sign observations were collected in the 

Ain study area. 

2.3.5 Extraction of LiDAR metrics  

Different variables were selected for Hazel Grouse habitat suitability models. From LiDAR datasets, 

two types of metrics were extracted, point-cloud metrics and object-oriented metrics. LiDAR raw 

point clouds were normalized with the Delaunay interpolation method from the LidR package 

(Roussel and Auty 2016). Both point-cloud and object-oriented metrics were calculated using LidR 

and a new R package, lidaRtRee ( https://gitlab.irstea.fr/jean-matthieu.monnet/lidaRtRee). Point-
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cloud metrics were calculated within pixels of 25 m * 25 m. Objects were segmented from the 

canopy height model at a 0.5 m resolution. Summary statistics such as mean, ratio, proportions or 

percentages were then calculated within pixels of 25 m * 25 m. Two types of objects were extracted: 

trees and gaps. Concerning trees, a tree top detection method was used (method #1 in (Eysn et al. 

2015)). Gaps were defined as areas with a canopy height lower than 1 m, surrounded by trees whose 

height was less than half of the gap width.  

The selected metrics for Hazel Grouse distribution modeling are presented in table 15. Those metrics 

were chosen with the aim to capture habitat elements that are important for Hazel Grouse. Hazel 

Grouse needs a moderate canopy cover (Mathys et al. 2006; Hofstetter et al. 2015), with the 

presence of canopy gaps that favor the presence of denser understory composed of young trees such 

as spruce, rowan (Sorbus aucuparia), willow (Salix sp.), thus providing good feeding sites (Zellweger 

et al. 2014; Sachot, Perrin, and Neet 2003). Those aspects can be explored with two tree density per 

hectare variables, Tree_density10 (number of detected trees with height higher than 10 m), 

Tree_densityinf10 (number of detected trees with height higher than 5 m and lower than 10 m), and 

the middle_gap variable. The middle_gap variable encompasses the proportion of area cover by gaps 

of surface between 200 and 1000m².  

In addition, Hazel Grouse is generally found in horizontally heterogeneous habitat (Mathys et al. 

2006; Müller, Schröder, and Müller 2009), especially within the shrub layer which must favor both 

dense coniferous habitats offering shelters and more open areas offering food resources (Sachot, 

Perrin, and Neet 2003; Schäublin and Bollmann 2011; Zellweger et al. 2014). Thus, the standard 

deviation of canopy density 20-30 m (number of points between 20 and 30 m divided by the total 

number of points) was added as well as the standard deviation of both penetration ratio 0.5-1 m and 

2-5 m, in order to have information on different vertical levels. The penetration ratio was here used 

as a proxy for the shrub layer density and represents the number of LIDAR points between 0.5-1 m or 

2-5 m divided by the total number of points below those layers.  
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Vertical structure heterogeneity was represented in our models by the Gini index of detected tree 

heights, and Hazel Grouse was expected to favor vertically heterogeneous habitat. As Hazel Grouse 

does not favor large open areas, the variable proportion of open areas, which is the proportion of 

surface covered by gaps larger than 1000m², was also included. In mountains areas, this variable is 

likely to represent alpine grassland or pastures, but at lower altitude, it will comprise areas such as 

fields and urban areas.  

It is well known that Hazel Grouse favors conifer dominated forests, which provide both shelters and 

food resources (Sachot, Perrin, and Neet 2003). Within the Ain study area modelled forest metrics 

were calculated allowing us to create a variable proportion of coniferous trees weighted by basal 

area. This variable was calculated using a modeling of forest parameters from both LiDAR point-cloud 

metrics and forests vegetation survey. The classification of tree types was done using random-forest 

(Breiman 2001). As no permanent plots were present in the Jura study area, NDVI (Normalized 

Difference Vegetation Index) derived from sentinel images was used as a proxy for the proportion of 

coniferous species. The high NDVI values were expected to be preferred, as a higher NDVI value 

indicates a highly productive forest. In both cases, the standard deviation was also added, with the 

aim of taking into account the horizontal heterogeneity of each variable. 

Furthermore, the Ain study area is composed for a large part of non-forest areas (including urban 

areas). Thus, with the attention for accurate models, two variables representing human disturbances 

were added to the Ain models: the distance to main roads and buildings area proportion. The 

selected roads are local, regional, departmental and national asphalted roads which are connected to 

urban areas or to the principal transport infrastructures. Forest tracks and trails are not a part of this 

dataset. Indeed, high traffic was found to influence Hazel Grouse presence along the road, but no 

effects were found on the disturbance by ski trails and forest tracks which can be even a good habitat 

by allowing the growth of the shrub layer (Räty 1979; Leclercq 1985). Buildings with a surface above 

20m² indicating the presence of an urban area, such as housing, schools, and farms (category 

BATI_INDIFFERENCIE, IGN BDTOPO®) were used to calculate the building area proportion variable.  
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Table 15 : Environmental metrics selected to predict Hazel Grouse suitable habitat 

Type of variable  Variable Name Description Area 

LiDAR 

Canopy2030sd Standard deviation of point density between 20 and 30m  
Ain and 

Jura 

Ratio0501sd Standard deviation of penetration ratio between 0,5 and 1m  
Ain and 

Jura 

Ratio0205 Mean Penetration ratio between 2 and 5m 
Ain and 

Jura 

Ratio0205sd Standard deviation of Penetration ratio between 2 and 5m  
Ain and 

Jura 

Tree_densityinf10 Mean tree lower than 10 meter but higher than 5m density (number/ha) 
Ain and 

Jura 

Tree_density10 Mean tree higher than 10 meter density (number/ha) 
Ain and 

Jura 

Tree_gini Mean tree height gini index 
Ain and 

Jura 

Middle_gap 
 Proportion of surface covered by gaps of size 200 to 1000 m² Ain and 

Jura 

Grassland  
Proportion of surface covered by open areas (objects with vegetation 

height<1m and area > 1000m²) 
Ain and 

Jura 

prop_resGsd 
Standart deviation of proportion of coniferous trees in basal area (among tree 

diameter > 17,5, ONF data) 
Ain 

prop_resG 
Mean proportion of coniferous trees in basal area (among tree diameter > 

17,5cm) 
Ain 

IGN BD TOPO® Buildings Total surface of buildings within a 56ha area Ain 

IGN ROUTE 500® Version 
2.1  

Road Distance to the closest main road (meters) Ain 

Sentinel-2 © Copernicus 
data / ESA 

ndvisd Standard deviation of NDVI Jura 

ndvi Mean NDVI Jura 
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2.3.6 Spatial scale choice 

At least two different scales within each level define hereafter were chosen to assess habitat 

suitability (Table 16).  The values of the largest scales surface areas were chosen using the estimation 

of Hazel Grouse home range. By contrast, the smallest scale represents the perception of the local 

environment by individuals; therefore three scales at the patch level and two scales for the micro-

habitat level were proposed. For six of the seven scales (0.31 ha to 27.5 ha) the mean and the 

standard deviation were calculated among the neighboring pixels using a moving window. This task 

was done with the rgrass7 R package (Bivand et al. 2016).  

At the smallest scale presented here (0.0625 ha) the raw value calculated in the pixel 25*25m was 

used. The standard deviation was not calculated and thus not used for modeling. Therefore, models 

at the smallest scale are different from all other models.  

Table 16 : Habitat levels and corresponding scales for the models 

Hazel Grouse 

Level Definition Scales  Objectives 

1 Home range level 
27.5 ha Capture the different habitats present at a 

large scale 15.8 ha 

2 Patch level 

7 ha 

Identify the suitability of the local 

environment 

1.8 ha 

0.81 ha 

3 Micro-habitat level 
0.31 ha 

0.0625 ha 

 

2.3.7 Modeling framework 

For all models, we use a recent reimplementation of the algorithm building on the equivalence of 

Maxent with an infinitely weighted logistic regression (Maxnet package; Phillips et al. 2017). 10 000 
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background points were randomly located along observer sampling tracks, where distances between 

each background point and survey tracks followed a logspline distribution fitted to Hazel Grouse 

observations data. The correction of sampling bias was done using a targeted background point 

method (Phillips et al. 2009). All variables were normalized by subtracting the pixel value from the 

mean and by dividing the result by the standard deviation before the modeling process. In addition, 

the correlation between variables was evaluated prior to each analysis using a Pearson test. When 

the value was higher than 0.7, one of the variables was dropped (Dormann et al. 2013) (except for 

the proportion of open areas, which was nevertheless necessary to identify non-forest areas with 

accuracy). For all models, both linear and quadratic terms were selected. In addition, the product 

between canopy2030sd and proportion of open areas was added to all multi-variable models, with 

the intended purpose to link the landscape heterogeneity to the availability of forest and non-forest 

areas. In order to calculate the Area Under Curve (AUC) value which is a method to evaluate model 

performance, a 5 k-fold cross-validation was performed. The estimation of the contribution of each 

variable to the model was evaluated by comparing the beta values. All beta values associated with 

the same variable (whether linear quadratic or product) are added to obtain the final contribution 

value. The beta product value was divided by two before being added to the linear and quadratic 

values of each variable. In addition, the variables associated with a contribution value below 0.05 

were dropped for result analysis keeping only the most essential variables.  

2.3.8 Evaluation of the effect of an interaction between two variables 

To evaluate the effect of interaction on a single-scale, multi-variables models were all declined in 

three different categories. For this, the standard deviation penetration ratio 2-5m variable was 

chosen, as it is known that Hazel Grouse is sensitive to understory characteristics. This variable was 

combined with the mean proportion of open areas in order to make the distinction between forest 

and non-forest areas. Thus, for six of the seven scales (0.0625 ha scale was excluded as the standard 

deviation was not calculated), three different cases were created. First, models with no added 

interaction terms as described in the precedent section. For the second case, an interaction term 

between the mean proportion of open areas and the standard deviation of the penetration ratio 2- 
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5m was added (interaction 1 case). Finally, a second interaction term was added to the interaction 1 

model formula: the product between the mean and the squared standard deviation of the same 

variables (interaction 2 case). Model performances were then compared. For each combination of 

variables, a three dimensional response curve was created. One hundred values were selected across 

the range of each variable, thereby giving 10 000 unique combinations of values. The predictions 

were calculated for each combination, when all other variables were set to their mean value.  

2.3.9 Framework for best model selection 

In order to choose the best model, models are compared using two methods recently described by 

McGarigal et al. (2016). The first one is a pseudo-optimized multiple scale method, where each 

variable is evaluated separately at each scale (single-variable, single scale models), and after, is 

combined at their best scale. Those models will be referred to as “Mixed models” (Fig. 2). In a second 

stage a pseudo-optimized single scale method, where the different selected variables are evaluated 

simultaneously across a range of scales was applied. Those models will be referred to as “Single scale, 

multi-variables models” (Fig. 34). Models described as no interaction cases were used to evaluate the 

effect of scales.  
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Figure 34 : Schematic representation of model selection framework. Only three variables and four 
scales are represented, as an example.  

 

 

2.4 Results 

2.4.1 Evaluation of the effect of an interaction between two variables on response curve’s 

interpretation and predictions 

The results pertaining to single-scale, multi-variable, model’s performance for the three interaction 

cases are presented in Table 17. Model performance did not vary between the three cases. Only the 

model at 27.5ha with the interaction 1 case gave a better result than the two other treatments at the 

same scale, for the Ain study area. In addition, the interaction feature at some scales does not 

participate in the model (Betas estimate =0) (Supplementary material Appendix 1 Table A1). 

Consequently, those models were similar to models without any interaction or with a simple 

interaction. In the Jura study area, at scale 0.81 ha no differences between the three case models 

were observed.  
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Table 17 : AUC results for all single-scale, multi-variable models and the three interaction cases: 
no interaction, interaction between mean proportion of open area and standard deviation of 

penetration ratio 2-5m (interaction 1 case), interaction between mean proportion of open area, 
standard deviation of penetration ratio 2-5m and standard deviation of penetration ratio 2-5m 

(interaction 2 case). 

Scale Study area No interaction Interaction 1 case Interaction 2 case 

0.0625ha 

JURA 

0.59 NA NA 

0.31ha 0.61 0.61 0.61 

0.81ha 0.62 0.62 0.62 

1.8ha 0.62 0.62 0.62 

7ha 0.61 0.61 0.61 

15.8ha 0.61 0.61 0.61 

27.5ha 0.61 0.61 0.61 

0.0625ha 

AIN 

0.67 NA NA 

0.31ha 0.68 0.68 0.68 

0.81ha 0.7 0.7 0.7 

1.8ha 0.7 0.7 0.7 

7ha 0.74 0.74 0.74 

15.8ha 0.75 0.75 0.75 

27.5ha 0.72 0.73 0.72 

 

When the interaction terms contributed to the models, in some cases, the response of the two 

variables showed a highly different pattern (Fig. 3). This response pattern was different in each study 

area. At lower scales, the differences in curve shape were very low or even nonexistent in each study 

area.  

Here, the results for two scales are presented in detail: 7 ha and 27.5 ha (Fig. 35). The other 

responses are presented in Supplementary material Appendix 1, Fig. A1.1 to A1.4. For the Ain models 

at the scale of 7 ha, the response was highly different for each case. The model with no interaction 
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term showed that a high (>0.3) or a very low standard deviation were predicted as favorable for the 

whole range of mean values. In the interaction 1 case, a high proportion of mean open areas is 

associated with a low suitability value. The same pattern was observed for moderate standard 

deviations of penetration ratio as well. In the last case, only values combining a low mean and a low 

standard deviation, or a high mean and a high standard deviation were predicted as favorable. At the 

27.5 ha scale, the shape of the curve in the case of no-interaction-term added, was similar to the one 

described at the 7 ha scale (Fig. 36). The response curve observed for the two other cases was highly 

similar to the response observed at the 7 ha in the interaction 1 case.  

In the Jura study area, the response curves pattern was different. At the 7 ha scale, higher suitable 

values were predicted for intermediate values of mean proportion of open areas with a low effect of 

the standard deviation. Nevertheless, the predictions were observed to be lower than those 

observed in the two first cases for high standard deviation values in the interaction 2 case.  At the 

largest scale (27.5ha), in the no interaction case, higher suitability were predicted for a combination 

of moderate mean of proportion of open area and penetration ratio 2-5 standard deviation. The 

addition of an interaction term slightly changed the shape of the response by predicting high 

standard deviation values as non-suitable when the mean proportion of open area is low or reaches 

100 %. The same pattern was observed in the interaction 2 case.  
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Figure 35 : Three dimensional response curves at 7 ha scale: suitability predictions as function of 
the mean proportion of open areas and of the standard deviation of 2-5 m penetration ratio, 
depending on the inclusion of interaction terms in the models (top row : Ain study area, and 

bottom row : Jura study area) 

 

Figure 36 : Three dimensional response curves of each of the three cases at 27.5 ha scale (top row: 
Ain study area, and bottom row: Jura study area) 
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2.4.2 Influence of scales 

Single-scale models 

Single variable, single scale models were produced in each area and the results can be consulted in 

Supplementary material Appendix 2, Table. A2.1 and A2.2. Differences in best scale selection were 

observed between the two study areas. The middle_gap and Tree_gini variables were selected at the 

largest scales in the Ain study area but at smaller scales in the Jura models. The opposite result was 

observed for the proportion of open areas, Tree_density10 and Ratio0205 variables, which were 

selected at small scale in the Ain models but at larger scales in the Jura models. For multiple 

variables, more than one scale gave the same model performances. The case of Road can be 

highlighted, as none of the seven scales gave a better result.  

Multi-variables, multi-scale models 

From the results of the single scale, single variable models, two mixed models were elaborated. 

When the same best value of AUC was observed for multiple scales, the smallest best scale was kept, 

as the aim is to produce a predicted map precise enough at the local scale (Table 18). The AUC value 

for the Ain and the Jura mixed models were respectively 0.7 and 0.62. 

Table 18 : Scales choice for the mixed models 

 

Variable Ain  JURA

Grassland 0,31ha 7ha

NDVI NA 0,31ha

NDVIsd NA 0,31ha

Middle_gap 27,5ha 0,0625ha

Tree_gini 7ha 0,31ha

Tree_density10 0,31ha 27,5ha

Tree_densityinf10 0,31ha 0,81ha

Ratio0205sd 0,31ha 7ha

Ratio0205 1,8ha 0,81ha

Ratio0501sd 27,5ha 15,8ha

Canopy2030sd 0,81ha 0,31ha

Prop_resG 0,31ha NA

Prop_resGsd 0,31ha NA

Buildings 27,5ha NA

Road 0,0625ha NA
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2.4.3 Model performance and variable contributions across scales (with no added 

interaction terms) 

Mixed models did not perform better than all single scale, multi-variable models in the Ain study 

area. Among the Jura models, the performance observed was similar with the best single scales, 

multi-variable models and the mixed model (Table 17).  

The Ain models gave better performance, than the Jura models. The best models were observed at 

the scales of 0.81 ha and 1.8 ha for Jura (AUC 0.62), while a scale of 15.8 ha gave the best results for 

the Ain models (AUC 0.75) (Table 3). 

The variable contributions were calculated for multi-variables, single-scale models from 0.31ha to 

27.5ha. Variables common to both areas are presented in Fig. 37, all variable contributions are 

presented in supplementary material Appendix 3, Fig. A3. 

Four variables among ones common to models contribute the most in all models from the two study 

areas: the standard deviation of canopy 10-20m, proportion of open areas, mean penetration ratio 2-

5 m  and mean tree density (>10m) metrics. However, the contribution of Mean tree density 5-10m 

was high only in the Jura models; whereas the mean tree gini variable shows a non-negligible 

contribution in all models from Ain only. Differences between areas concerning the mean proportion 

of gap (200-100 m²) contribution were also observed. Indeed, in the Jura models, the contribution 

was higher at larger scales, unlike in the Ain models where it contributed the most at small scales. At 

the largest scale and in the mixed model, the building surface ratio contributes for 11% and 24% 

respectively but does not contribute to smaller scale models. In addition, the road variable used in 

the Ain models substantially impacts models from 53.8% (0.625ha) to 10.5% (15.8h). 
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Figure 37 : Contributions of common variables for both study areas. 

 

2.5 Discussion 

The aims of this study were (1) to measure the effect of the interaction feature on response curve 

interpretation and models performance, (2) to evaluate the effect of scales on model performances 

(3) to evaluate the transferability of LiDAR variables among study sites, for an endangered avian 

species in the French Jura Massif: the Hazel Grouse.  

The hypothesis that the addition of product features facilitates the interpretation of species 

responses of specific selected variables was evaluated. Our results showed that the introduction of 

an interaction term between two selected variables (standard deviation of penetration ratio 2-5m 

and mean proportion of open area) did not improve models performances in our case. The 

contribution of the interaction term was in most cases very low for small scales, showing that the 

combined variation of the two variables was greater at large scales for Hazel Grouse. This result is not 

surprising, as the landscape horizontal heterogeneity described by the standard deviation is an 

essential data on Hazel Grouse habitat at broader scales (Mathys et al. 2006). The representation of 

two variables in a three dimensional surface graph can improve the understanding of species 

response, as it shows which is the best combination of values for the species (Zurell, Elith, and 
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Schröder 2012). This representation makes it possible to see easily that for example a same standard 

deviation value, the predicted value is highly different regarding the value of the mean of proportion 

of open area (or inversely), making the understanding of the species requirements more robust. 

When the added interaction terms contributed to the model, differences were observed in the 

responses curves shapes, but this influence depends on both the scale and study area.  

However, the analysis of those responses showed that a prediction for extreme values may be 

wrongly extrapolated by the model, resulting by components being predicted as suitable when what 

is known of the species contradicts this observation. This illustrates the limits of feature choice that 

constrains the response to only two possible shapes. This limitation may be solved by adding other 

features like hinge or threshold, at the cost of increased model complexity (Merow et al. 2014). The 

use of other methods such as Random forest (Breiman 2001) or Boosted regression trees (Elith, 

Leathwick, and Hastie 2008) that allowed the construction of more complex responses may also be 

promoted (Merow et al. 2014). 

Finally, models with no interaction terms added were retained as a gain in performance obtained 

through more complex models was not evidenced. The overall AUC values showed that our models 

had a moderate performance, on both sites, with better results for the Ain area. The overall 

moderate performance of our models may be the result of multiple causes. This moderate 

performance, especially observed in the Jura study area can be due to a high proportion of good 

habitats in the landscape, where it can be difficult to hierarchize predictions among overall good 

habitat pixels. The difference in performance between the two study areas may also be explained by 

the fact that the same variables were not used in each area, like the NDVI (Jura only), the proportion 

of coniferous trees (Ain only), the distance to roads (Ain only) and the building area ratio (Ain only).  

Finally, the hypothesis that mixed models give better results than single scale models as it was 

showed in multiple studies was not confirmed in our study (Timm et al. 2016; Rostro-García et al. 

2016; Vergara et al. 2016). The expectation that, the best scales observed, will be similar between 

the two study areas was also not validated by our results. This may indicate that results are affected 
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by the Hazel Grouse datasets (e.g number of observation) (Thibaud et al. 2014; Jiménez-Valverde, 

Lobo, and Hortal 2009) or by the differences between the LiDAR campaigns. In addition, the selection 

of a scale may be dependent on other factors, such as species population density, interactions with 

other species or time (seasons, migrations) (Prokopenko, Boyce, and Avgar 2017; Oatway and Morris 

2007; Mateo-Sánchez et al. 2016). Therefore there is no overall best scale for a specific variable, and 

accordingly different multi-scale studies can lead to different conclusions (Mayor et al. 2009). This 

might be improved by using fully optimized scale selection with no a priori scale choice (McGarigal et 

al. 2016).  

Nevertheless, similar contributions of LiDAR between the two study areas were expected. Four main 

contributing common variables were found to have a high impact in both study area models: the 

standard deviation of the canopy density, the proportion of open areas, the penetration between 2-

5m and the tree density >10m. This result indicates that those four variables are describing important 

environmental component for the species. Those results are consistent with the literature as 

understory characteristics, canopy cover and height as well as the horizontal heterogeneity are 

known to be important components for Hazel Grouse (Rechsteiner et al. 2017; Bae et al. 2014; 

Zellweger et al. 2014). 

2.6 Conclusion 

Species distribution models for Hazel Grouse over two study areas over the French Jura Massif were 

created. The addition of an interaction between a mean and a standard deviation variable when it 

participated in the model slightly changed the pattern of the predictions and the predicted maps, but 

not model performance. A representation in a three dimensional graph helps to better visualize and 

understand the effect of the interaction between two variables. Interestingly, the mixed model did 

not perform better than single-scale, multi-models. In addition, the best selected scales were 

different between study areas, indicating more work is needed on this species concerning multi-

scales models. Nonetheless, differences observed between study areas (best scale model), four same 
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main contributing common variables were evidenced on both sites at all scales, indicating the 

importance of those parameters for Hazel Grouse.  
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3 Univariate response curves analysis 

The analysis of the univariate response curve helps to understand the species preferences and the 

model predictions. Here, the description and interpretation of the response for Hazel Grouse single-

scale, multi-variable models will be presented. 

3.1 Methods 

3.1.1 Response curves calculation 

The response curves were calculated using normalized variables. In order to obtain meaningful and 

interpretable results, the corresponding raw variables values were calculated afterwards. In addition, 

the density curves of the variables through the study areas were calculated with the aim to facilitate 

the interpretation of the responses. 

3.1.2 Expected response 

As Hazel Grouse occurs in forests with moderate canopy cover, a response of the bird favoring 

moderate tree (>10m) density but higher densities for smaller trees (5-10m height) was expected. A 

moderate proportion of middle size gaps was expected to be optimal at larger scales.  

Due to the importance of a horizontally heterogeneous habitat for Hazel Grouse, a response that 

favors moderate standard deviation values for the metrics penetration ratio 0.5-1 m, penetration 

ratio 2-5 m and canopy density 20-30 m was expected. However, higher values were expected to be 

unfavorable as it represents an extremely fragmented habitat with the presence of forest and non-

forest areas  (Bae et al., 2014b; Rechsteiner et al., 2017b). This effect should be particularly 

important over the Ain study area, which comprises a large part of non-forest areas.  

Hazel Grouse favors vertically heterogeneous habitat thus higher values of tree gini index were 

expected to be more suitable. As Hazel Grouse does not favor large open areas, large proportions of 

open areas should be predicted unsuitable for the species at all scales.  
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The positive response of Hazel Grouse to a high proportion of coniferous trees and its negative 

response to a complete absence of either tree types were expected as the bird favors conifer-

dominated forests (Sachot et al., 2003a). Similarly, high NDVI values were expected to be preferred, 

as a higher values indicate a highly productive forest. Concerning the response to the standard 

deviation of those two variables, the preference of Hazel Grouse for low values, indicating small 

variations of the proportion of coniferous trees in the landscape, was expected. 

Finally, a negative response to human disturbances represented in our models by the distance to 

main roads and the buildings surface area ratio is expected. 

3.2 Results 

Univariate response curves of the four most contributing variables in both study areas presented in 

the precedent section (the penetration ratio 2-5 m, the standard deviation of the canopy density 20-

30 m, the proportion of open areas, the density of tree (> 10 m)) will be described in detail. In 

addition, the densities of each variable across the landscape were plotted in order to facilitate the 

interpretation of the responses curves. All response curves are presented in Figures 39 to 41. 

In both study areas, the response of the species to the mean penetration ratio showed the same 

quadratic pattern, with an optimal value at 0.3.  

The response curves were different in each study area for the variable standard deviation of canopy 

density 20-30m. In the Ain study area, low values were preferable at small scales (0.31 ha, 0.81 ha 

and 1.8 ha) with linear responses. At the scales, 7 ha and 15.8 ha quadratic shape with an optimum 

for moderated values were observed. At the largest scale, higher values of standard deviation were 

predicted as the more favorable. In the Jura study area, the highest suitability was predicted for a 

standard deviation of 0 at all scales. Within the Ain landscape, the density curve showed that values 

between 0 and 0.05 are the most represented and that the maximum value is 0.1, whereas within 

the Jura landscape a second peak is observed for the values between 0.05 and 0.1.  
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Concerning the variable proportion of open areas, the response is also different between study sites. 

Indeed, in the Ain study area, a low proportion of open areas (5% to 25%) was more suitable at large 

scales. At small scale, a proportion of 0% was more favorable. Within the Jura study area, a 

proportion between 20 and 50% was predicted as more suitable. Interestingly, at small scales, a 

maximum proportion of open areas was showed to be more favorable, due to the linear shape of the 

curve. In the landscape, most of the values were close to an open area proportion of 0%. A second 

peak was observed for a proportion >90% in the Ain area but not in the Jura study area.  

In the Ain study area, the density of trees (>10m) responses showed different patterns among scales. 

At the 0.31 ha scale, a density of 200 trees per hectares was more favorable. However, at larger 

scales, a density of tree between 0 and 100 trees was more suitable for the species. In the Jura study 

area, at small scales, low densities of trees were favored (linear response), but at large scales values 

around 200 trees were showed as not favorable contrary to lower and higher densities. Within the 

landscape, in the Ain area, two main well represented ranges of values were observed: a density of 0 

trees for one peak, and a density of 200 trees for the second peak. Within the Jura study area, a high 

proportion of 200 trees was observed as well. 
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Figure 38 : Responses curves in the Ain study areas (part 1) 
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Figure 39 : Responses curves in the Ain study areas (part 2) 
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Figure 40 : Responses curves in the Jura study areas (part 1) 
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Figure 41 : Responses curves in the Jura study areas (part 2) 
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3.3 Discussion 

The response to the mean penetration ratio 2-5m variable is consistent between the study areas, 

confirming that the characteristics of the middle-high vegetation layer are a key driver for Hazel 

Grouse distribution (Bae et al., 2014b). In addition, a moderate tree density was predicted as 

favorable in both areas joining the observations of (Sachot et al., 2003a) that recommend at canopy 

cover of 50% for the species. 

However, for the other variables differences were observed in the responses curve shapes between 

both scales and study areas. As the two study areas are located in the same mountain massif, high 

differences in habitats used by the different Hazel Grouse populations are not likely to occur. Thus, 

the differences observed between models are mainly due to the study area characteristics. The 

density curves from the two study areas confirmed the existence of those differences in terms of 

distributions shape and values, which may have influenced the models’ performance and responses. 

This overall result indicates that the models are sensitive to the choice of scale and that this effect is 

depending on the study area location and extent. This might be particularly important at large scales, 

where a strong border effect can occur for the forest patches closes to the border of the study area 

causing high variation in standard deviation and mean estimations. This might explain why the 

preference for high values of variable standard deviation of canopy density 20-30m was not observed 

in the Jura study area which is fragmented in forest patches. Similarly, in the Jura area, the models 

failed to predict the open areas as non-favorable, which might be due to the fact that all 

observations and tracks outside the forest areas were removed as there were not LiDAR available for 

modeling. The predictions accuracy may be ameliorated by the acquisition of a extended LiDAR 

coverage allowing the reducing of the border effect observed in the Jura study area. 
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4 Relative suitability map predictions 

4.1 Results 

Habitat suitability predictions were calculated for each model and study area. The exponential (also 

called raw) output was created, giving relative values which indicate the suitability of the pixel 

relative to the other pixels in the study are. Such maps are thus indicating the best habitat regarding 

the habitat quality in the overall study area only. In the Jura model, which is displayed for one of the 

best models at the scale 0.81 ha (Figure 42) the fragmentation of the potential favorable habitat in 

multiple patches was observed. At larger scales, in the Ain study area, the results are smoothed, 

showing large no favorable areas corresponding to open areas and the presence of cities. 

Nevertheless, in more favorable areas, the fragmentation between moderate to high suitability 

patches was still observed showing that the best habitats are fragmented. 

Figure 42 : Predicted maps of two best models within the two study areas. 
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4.2  Discussion 

The predicted maps showed in both areas that the Hazel Grouse habitat is fragmented at large scale 

because of the discontinuities between the forest patches. Within those forest patches, the habitat is 

highly fragmented. The causes of this fragmentation are probably multiple, but differences in forest 

management practices between municipalities and also between private owners are probably 

participating to this spatial structure. We can also notice that the models predicted suitable habitat 

patches in the state forest of La Fresse located at low altitudes and where the occurrence of the 

species is yet unknown. The predicted map can be used as a basis for future sampling design by 

optimizing the surveys between suitable and non-suitable patches in under-sampled areas. 

5 Conclusion 

SDMs for Hazel Grouse over two study areas over the French Jura Massif were created and showed 

that the suitable habitat for the species is fragmented. Four same main contributing common 

variables describing the characteristics of the understory and of the canopy were evidenced on both 

sites at all scales, indicating the importance of those parameters for Hazel Grouse. The negative 

impact of open areas was also observed. A representation in a three-dimensional graph can help to 

better visualize and understand the effect of the interaction, but in our study case this was not an 

essential variable impacting the model accuracy. The prediction of potentially suitable habitat at low 

elevation in the Jura massif enforces the need for wider surveys of Hazel Grouse in the future. 
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1 Introduction 

The aim of this chapter is to set out Capercaillie distribution models that will be used to plan future 

forest management actions in favor of the species. To achieve this objective, models using 

meaningful LiDAR variables for both the target species and managers that will use the models results 

will be created. Indeed, if LiDAR point clouds area based variables are commonly used; those 

variables are difficult to interpret as those are generally composed of indexes (ratios, strata point’s 

densities) that do not fit the conceptual view of managers. Yet object-oriented metrics that may be 

easier to interpret due to the correspondence with real world objects (e.g trees) are not used in 

SDMs outside of forestry applications. 

In a first part, the comparison between LiDAR point-cloud area-based metrics to potentially more 

interpretable object-oriented metrics in models will be explored over the Ain study area. Variations 

in performances, response curves, variable contributions and predictions will be investigated using 

single-scale, multi-variable models. This study lead to the submission of a third article in the Remote 

Sensing in Ecology and Conservation journal. 

In a second part, models for Capercaillie will be set out for both Ain and Jura study areas 

(corresponding to the two LiDAR campaigns) using the object-oriented metrics tested in the Ain study 

area (Article 3) with an additional LiDAR modelled based variable. The availability of a vegetation 

plots dataset in the Ain study area, where numerous components were measured such as the basal 

area, allowed us to estimate the basal area using the LIDAR point-cloud (see Chapter 2 for more 

details). The basal area is an index widely used in forestry by practitioners, thus the use of such a 

variable combined with object-oriented variables in Capercaillie distribution models might be useful 

for improving the transfer of the results to managers. Those models are meant to be used and 

distributed by Groupe Tétras Jura, consequently the results obtained in this section for winter and 

summer are also presented in a report in French (Annexe 8). Capercaillie models were created using 

the same variables and methods for both the winter and summer seasons except for the variable 
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distance to ski runs (winter only). Indeed, winter data represented most of the available data (See 

Chapter 2) and is also a critical season for Capercaillie survival (Gjerde and Wegge, 1989b). Summer 

habitat use has different specificities as it is the period when female raise their chicks (e.g. presence 

of grassland and shelters). The presence of bilberry patches is becoming increasingly essential as 

birds need to prepare for the next winter (Storch, 1993c). Unfortunately, a specific model focusing on 

brood’s habitat could not be intended due to a lack of observations (n=51).  
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2.1  Abstract 

 

Species Distribution models (SDMs) are widely used to plan actions for species of conservation 

interest. Models that will be turned into conservation actions need predictors that are both 

ecologically pertinent and fitting managers’ conceptual view of ecosystems. Remote sensing 

technologies such as Light Detection and Ranging (LiDAR) can describe landscapes at high resolution 

over large spatial areas and have already given promising results for modeling forest species 

distributions. However, the point-cloud (PC) area-based LiDAR variables generally used for this 

purpose may be challenging to interpret and thus use by managers at the operational scale. Here, we 
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start with the assumption that object-oriented (OO) metrics in SDMs will be better interpreted and 

used by managers. We tested two hypotheses: (1) the use of OO variables in SDMs will give similar 

performance as PC area-based models; and (2) OO variables will improve model‘s transferability to 

other areas. Using the case of an endangered forest bird, the Capercaillie (Tetrao urogallus), model’s 

performances and predictions were compared with the two variable types.  

Models using OO variables showed slightly lower discriminatory performance than PC-based models 

(average AUC = -0.025 and -0.013 for females and males, respectively), with differences most 

pronounced at larger spatial scales. OO-based models were as transferable (absolute difference in 

correlation of predictions <= 0.01) or more transferable than PC-based models, with the exception of 

models for females at large spatial scales.  

In sum, LiDAR derived object-oriented metrics showed promising results for use in species 

distribution models for conservation, and their potential in improving the scientist-stakeholder 

interface through their better interpretability should be explored. 

Keywords: species distribution models, LiDAR, object-oriented metrics, conservation  

2.2 Introduction 

Species Distribution Models (SDMs), also known as habitat-suitability models or environmental niche 

models, are statistical models that relate species occurrence to environmental factors (biotic and/or 

abiotic). SDMs quantify the species’ response to the environmental variables and provide predicted 

spatial distribution maps. Both results can be used in order to plan conservation actions in favor of a 

target species (Franklin, 2009, 2009; Guisan and Thuiller, 2005; Johnson and Gillingham, 2005): the 

response to the environmental variables can help to characterize the optimal habitat and the 

distribution maps can be used to target areas for prospective conservation projects (Franklin, 2009). 

Regardless the choice of modeling method, the use of environmental predictors that are ecologically 

relevant is essential to obtain reliable results and to best explain the species distribution in the 

landscape (Fourcade et al., 2018; Johnson and Gillingham, 2005). 



Chapter 5: Capercaillie Distribution models 

166 
 

Advances in remote sensing technologies are making it a powerful tool for improving SDMs (He et al., 

2015). One of these methods is Light Detection and Ranging (LiDAR), which provides highly precise 

data on the three dimensional structure of the environment at high resolution over large areas 

(Vierling et al., 2008). LiDAR has been used in SDMs for a wide variety of species including forest 

birds, which are sensitive to variations in vegetation structure (Bergen et al., 2007, 2009). The use of 

LiDAR has given promising results by significantly improving model’s performance either alone or 

when combined with other predictors (Bae et al., 2014; Farrell et al., 2013; Graf et al., 2009). 

However, the production of accurate models is not enough to obtain better conservation action 

results, and pitfalls between scientists’ research and effective conservation decisions by managers 

are still to be reduced (Guisan et al., 2013; Villero et al., 2017). A better impact of modeling results 

depends on communication, mediation, and close collaboration with decision makers from the 

beginning of the process (Guisan et al., 2013). Concerning this aspect, the LiDAR variables proposed 

so far in different studies to improve SDMs may not be ideal, as they appear to be difficult to 

interpret and use by managers at the operational scale: to our knowledge, LiDAR extracted metrics 

for use in conservation biology were so far overwhelmingly calculated using the point-cloud (PC) 

area-based method, which summarizes the characteristics of the point-cloud within a given a region 

of interest (pixel). As a concrete example, variables such as the standard-deviation of 1th quantile  

(Zellweger et al., 2013), the proportion of echos above five meters (Melin et al., 2016)  or height 

skewness of the returns located between 1.5 m and 5 m (Kortmann et al., 2018) were used to assess 

the local canopy or shrub heterogeneity and density. However, it seems yet difficult to link an 

optimal value of each of those variables to an actual canopy or shrub cover assessment as perceived 

by managers in the field. As a consequence, those results may not easily be converted into effective 

management solutions and actions in the field because of a lack of understanding between the two 

communities.  

Advances in image processing promoted the use of object-oriented (OO) methods with the objective 

to overcome PC area-based limitations (Benz et al., 2004). Contrary to the area-based metrics, 

object-related metrics are defined by known common characteristics (structure, shape, texture), 
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describing a real-world object such as buildings, roads, or trees. Thus, with LiDAR data, object types 

can be defined by their three dimensional characteristics and be extracted from the raw point-

clouds. This type of approach has been used already as a forest management tool, exploiting single 

tree detection methods (Munoz et al., 2015; Othmani et al., 2013). The promotion of this type of 

approach is thus particularly interesting for forest species that need specific habitat management 

actions.  

The Capercaillie (Tetrao urogallus) is a species of conservation concern at the regional scale, 

occurring in the Jura massif (France and Switzerland). Capercaillie is threatened in Western Europe, 

showing a contraction of its occurring range due mainly to habitat loss and alteration (Mikoláš et al., 

2017; Storch, 2007). More particularly, the isolated population located in the Jura massif is critically 

endangered (Sachot, 2002; Storch, 1994). In France, Capercaillie favors old mixed forests constituted 

of a mosaic of habitats (Sachot et al., 2003). The species is strictly dependent on a high proportion of 

moderate canopy density favoring the growth of a key food resource: the bilberry (Vaccinium 

myrtillus) (Storch, 1993). In addition, according to Capercaillie seasonal needs, its home range needs 

to contain mixed patches of young forest stages (predator shelter), clear-cuts (broods rearing), and 

patches of clear canopy density with fir (Abies alba) (Rolstad, 1988; Rolstad et al., 1988; Sachot, 2002; 

Storch, 1994). In this context, obtaining a potential Capercaillie distribution at the regional scale 

holds great potential to optimize and plan conservation actions. Numerous studies on this species 

have already been conducted in other countries to produce such species distribution maps 

(Braunisch and Suchant, 2007; Graf et al., 2007; Sachot et al., 2006; Teuscher et al., 2013). More 

recently, in order to improve models, LiDAR point-cloud area based derived predictors were used as 

well (Graf et al., 2009; Kortmann et al., 2018; Melin et al., 2016; Zellweger et al., 2013).  

We hope that the use of OO LiDAR metrics as environmental variables, when the object types are 

decided on in close collaboration with practitioners, may improve the use of SDMs results for 

conservation management projects.  
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To explore the potential of OO LiDAR metrics as environmental variables, we evaluated two 

hypotheses on their performance relative to PC area based models: (H1) OO Lidar metrics show a 

similar SDMs performances as PC area-based models, and (H2) OO variables improve model‘s 

transferability to a different LiDAR dataset, as the structure of an object is less dependent on the 

acquisition characteristics such as point density or flight season (leaf-on/leaf-off) (Gaulton and 

Malthus, 2010; Tiede et al., 2007). We compared models’ performances between the two types of 

variables for Capercaillie winter observations in the French Jura, and the similarity between the 

predicted maps was assessed. In a second step, the transferability efficiency was evaluated for each 

variable type using a second independent LiDAR dataset. 

2.3 Material 

2.3.1 Study area 

The study area is situated in the east of France, in the Jura massif, located within the departments of 

Ain, Jura and Doubs (Fig. 43). The landscape is composed of a mosaic of small urban areas, pastures, 

forests, and fields. The massif is composed of a low plateau (elevation range from 400 m to 700m 

a.s.l.) and a high plateau (elevation range from 700 m to 1620 m a.s.l.). On the lower plateau, forests 

are mainly deciduous dominated forests composed of beech (Fagus sylvatica), ash (Fraxinus 

excelsior), oak (Quercus petraea) and spruce (Picea abies).  The high plateau is characterized mainly 

by coniferous dominated forest, composed of mixed spruce, fir and beech above 1 000 m and by the 

presence of a grassland subalpine landscape at the highest altitudes (IGN national forest inventory 

2005-2009). The climate is continental with temperature varying between -5.9 °C and 21.1 °C and a 

mean annual precipitation of 1187 mm (https://donneespubliques.meteofrance.fr/). 
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Figure 43 : The study area and the two LiDAR campaigns. 

 

2.3.2 LiDAR datasets 

The study area was covered by two airborne LiDAR surveys (Fig. 1) using a Riegl LMS Q680i system 

(RIEGL Inc., Horn, Austria). The system was operated with a maximum half-scan angle of 30°, and full 

wave-form digitization. 

 The first LiDAR campaign, hereafter referred as “Ain study area”, was conducted in autumn 2014 and 

covered 626 km². An average point density of 21.3 points/m² with a vertical error of 10 cm was 

obtained.  

The second LiDAR campaign, hereafter referred as “Jura study area”, was conducted in summer 

2016, and covered a surface of 431 km². An average point density of 18 points/m² with a vertical 

error of 10 cm was obtained.  

Those two campaigns overlap over an area of 4.4 km², over the Ain department. 
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2.3.3 Capercaillie observations dataset 

Long-term Capercaillie winter surveys were organized between 2007 and 2018 by the “Groupe Tétras 

Jura”, a non-governmental organization. Using a Global Navigation Satellite System (GNSS) receiver, 

observers recorded their survey tracks and Capercaillie signs (feces, prints and feathers) locations. 

Sex was assigned to each observation when possible. All non-sex assigned observations were 

removed and the 379 remaining observations were used for the analysis (207 males and 172 females) 

in order to create separate models for each sex due to their differences in habitat use (Thiel et al., 

2007). 

2.4 Methods 

2.4.1 Environmental predictors 

Spatial Scales choice  

Spatial scale is known to be an essential aspect for understanding the habitat use of individuals and 

populations (McGarigal et al., 2016). We thus created models at multiple spatial scales. Six scales 

were chosen among three hierarchical orders: home range (15.8 ha, 27.5 ha, and 56 ha), patch (0.81 

ha and 1.8 ha) and micro-habitat (0.31 ha) (Meyer and Thuiller, 2006). For each scale, the mean and 

the standard deviation of LiDAR metrics (presented in detail in the next section) were calculated 

among the neighboring pixels using a moving window. This task was done with the R package rgrass7 

(Bivand et al., 2016). 

LiDAR derived predictors 

Raw point-clouds were normalized with the Delaunay interpolation method implemented in the LidR 

package (Roussel and Auty, 2016). Both PC area-based and object-oriented metrics were calculated 

using R packages LidR and lidaRtRee (https://gitlab.irstea.fr/jean-matthieu.monnet/lidaRtRee) using 

the normalized point clouds (Fig. 44). The R code used to calculate all the metrics is presented in 

Supporting Information S1. 
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• Points-clouds (PC) area based 

Point-cloud metrics were calculated for pixels of 25 m * 25 m. Six variables were selected with the 

aim to capture habitat components that are important for Capercaillie.  

First, the relative density of the canopy between 10 m and 20 m was chosen as Capercaillie prefer 

moderate canopy cover allowing the bilberry to cover the ground layer (Storch, 1993). To take into 

account the horizontal heterogeneity, which is a key aspect for Capercaillie, the variables standard 

deviation of the relative canopy density 20-30 m and the standard deviation of the penetration ratio 

between 2-5 m were selected. The preference of Capercaillie for heterogeneous cover for both 

canopy and understory layers was expected (Graf et al., 2009). The encroachment of the understory 

layer is not favorable for the species, leading to a poor proportion of the bilberry in the habitat 

(Sachot et al., 2003). To model this aspect, the mean penetration ratio between 2 m and 5 m as well 

as the height quantile 25th was selected. The latter variable also indicates unfavorable low 

vegetation area (non-forest). Finally, the vertical heterogeneity of the vegetation was included with 

the simpson index as predictor variable. The Capercaillie is expected to favor multi-layered forest 

stands (Graf et al., 2007). 

• Object-oriented 

Objects were segmented on the canopy height model at 0.5 m resolution. Summary statistics on 

objects such as means, standard-deviations, and percentages were then calculated within pixels. Two 

types of objects were extracted: trees and gaps. Concerning trees, we used a tree top detection 

method (method #1 in (Eysn et al., 2015)); metrics such as density of trees were derived afterwards 

over pixels. Gaps were selected among areas characterized by a height lower than 1 m surrounded by 

trees whose height is less than twice the gap width. From this, habitat metrics were derived such as 

percentage of gaps with different surface categories. The metrics were chosen in order to represent 

different habitat components as presented with the point-clouds metrics. The density of the canopy 

is represented by the density of trees higher than 10 m. The horizontal heterogeneity was 

represented by two variables: the standard deviations of the density of trees higher than 20 m and of 
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the proportion of small gaps (25-200 m²). Density of the understory is represented by the density of 

trees between 5 m and 10 m. The presence of gaps in the canopy favors the presence of the 

herbaceous layer needed by the chicks and that are used by the adults to escape predators (Thiel et 

al., 2007). The presence of gaps in the canopy was represented by the proportion of middle size gaps 

(200-1000 m²) and the presence of non-forest area by the proportion of open areas (gaps larger than 

1000 m²). 
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Figure 44 : Visualization of calculated LiDAR metrics 

 

  

• Other metrics 

To take into account the potential effect of disturbances on Capercaillie (Thiel et al., 2008), the 

distance to the closest ski runs (Groupe Tétras Jura dataset) were used to quantify this effect in all 

models. 
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2.4.2 Species distribution modeling methods 

Models were created for each sex and scale separately. Here, we used a recent reimplementation of 

the algorithm building on the equivalence of Maxent with an infinitly-weighted logistic regression 

using the R package maxnet (Phillips et al., 2017). The correction of sampling bias was done using a 

targeted background point method (Phillips et al., 2009).  10 000 background points were randomly 

located along observer’s sampling trajectories, where distances between each background point and 

trajectories were following a logspline distribution fitted to Capercaillie observations data. All 

variables were standardized to zero mean and standard deviation of one before modeling. In 

addition, the Pearson correlation between variables was evaluated prior to each analysis. When the 

absolute correlation value was higher than 0.7, one of the variable was dropped (Dormann et al., 

2013), except for variables chosen to represent the interaction between landscape heterogeneity 

and landscape large scale component. For all models, both linear and quadratic terms were selected. 

In addition, the product between two variables was added with the intended purpose to link the 

landscape heterogeneity to the availability of forest and non-forest areas. For the PC area-based 

models, the interaction between standard deviation of the Canopy density 20-30 m and the height 

quantile 25th was selected. In the case of object-oriented models, the interaction between the tree 

density (>20 m) and proportion of open area was selected.  

2.4.3 Comparison of model results 

The results obtained from the two types of models at the different scales will be compared using 

different methods.  

Model performance  

First, the performance of each model was evaluated using both the Area Under Curve (AUC), which 

corresponds to the probability that a randomly drawn occurrence point has a higher predicted 

occurrence probability than a randomly drawn background point, and the continuous Boyce index 

which measures how much model predictions differ from random distribution of the observed 

presences across the prediction gradients (Hirzel et al., 2006). The AUC was evaluated on a 5-fold 
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cross-validation and the Boyce index with the presence data. The Boyce index was calculated using 

the function boyce.ecospat from the R package ecospat (Di Cola et al., 2017). 

Variables contribution and responses 

The estimation of the contribution of each variable to models was evaluated by comparing the model 

coefficients. All absolute coefficient values associated with the same variable (linear, quadratic or 

product) were added to obtain the final contribution value. The model coefficient of product 

variables was divided by two before being added to linear and quadratic values of each variable. In 

addition, the variables associated with a contribution value below 0.05 were dropped for the result 

analysis, keeping only the most important variables. The response curves were calculated for the 

three most contributing LiDAR based variables.  

Predictions 

Finally, the predictions were made for each model over the Ain study area and also extrapolated to 

the Jura study area. Afterwards, the correlation between PC area-based and OO predicted maps 

were calculated for each scale over the Ain study area. In addition, the correlation between 

predictions by type PC area-based or OO were examined over the overlapping surface of the two 

LiDAR campaigns. Those predicted maps were generated using the exponential (also called raw) 

output. 

2.5 Results 

2.5.1 Model performance 

Model performance across variable types, spatial scales, and sexes was evaluated using two indices: 

AUC and Boyce (Table 1). Models showed moderate to good performance according to AUC (0.71 - 

0.8); performances according to the Boyce index showed higher spread (-0.39-0.94). The correlation 

between the two performance indices was low.   

OO-based models had overall a lower performance than PC-based models; on average, OO model 

AUC was lower by -0.025 for females, and -0.013 for males. As measured by AUC, the largest 
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difference between OO and PC variables were found at the coarsest spatial scale of 56 ha: While PC-

based models at this scale were among the best models, OO-based models performed worse than at 

finer scales. The Boyce index showed a contrasting pattern: OO-based models outperformed PC-

based models at the same spatial scale in four and five (out of six scales) cases for females and males, 

respectively. For both males and females, the highest Boyce indices were from OO-based models, 

and the lowest indices were from PC-based models (Table 19, Supporting Information S2 A1). 

Spatial scale had a substantial effect on model performance. However, there were no consistent best 

spatial scales for males or females across the two variable types or the two performance metrics 

(Table 1).  

Models for females were less performant than models for males in all cases according to AUC 

(maximum AUC difference for the same spatial scale: 0.04 for PC-based, and 0.05 for OO-based 

models). In contrast, according to the Boyce index, the best models for both PC- and OO-based 

models were for females.  

Table 19 : Model performance (AUC and Boyce index) 

 

  

  

PC OO PC OO

0,31ha 0,74 0,72 0,55 0,94

0,81ha 0,75 0,72 0,85 0,9

1,8ha 0,76 0,73 0,73 0,47

15,8ha 0,73 0,72 0,09 0,41

27,5ha 0,74 0,73 -0,39 0,5

56ha 0,76 0,71 0,92 -0,16

PC OO PC OO

0,31ha 0,75 0,75 0,52 0,38

0,81ha 0,76 0,78 -0,28 0,78

1,8ha 0,78 0,77 0,05 0,74

15,8ha 0,79 0,78 0,51 0,82

27,5ha 0,8 0,78 0,6 0,79

56ha 0,8 0,74 0,09 0,5

Female

AUC BoyceScale

Male

AUC BoyceScale
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2.5.2 Variable contributions and response 

In both PC area-based and OO models, and at all scales for both sexes, the variable “distance to ski 

runs” was highly contributing (Fig. 45). The response curve showed that an optimal distance of 1km 

for both sexes (Supporting Information S2 A2). For OO models, the tree gini index, the standard 

deviation of tree density (>20 m), and the proportion of open areas were contributing the most at 

each scale and for both sexes. The tree density (>10 m) and the standard deviation of gaps 

proportion (25-200 m²) were contributing only at the scales 0.31 ha and 0.81 ha for both sexes. 

Regarding the PC area-based models, the Simpson height index, the canopy density 10-20m, the 

height quantile 25th and the standard deviation of penetration ratio 2-5m were contributing the 

most for all scales and both sexes. 

Figure 45 : Contribution of the variables to each model 
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We calculated response curves of the three most contributing LiDAR variables for each model type 

(Fig. 46 and 47). The response curves of the tree gini index and the simpson heights index showed a 

monotonously increasing suitability across scales, with the exception of models for males at fine 

resolution (0.31 ha and 0.81 ha), were models indicated an optimum at intermediate values for the 

tree gini index. 

The response of the variable quantile 25th of heights showed similar quadratic responses between 

sexes, except for two fine scales (0.31 ha and 0.81 ha), where a negative linear response was 

observed for females. A height from 2 to 5 meters of the understory height was more favorable. The 

response to the canopy density 10-20 m for females showed that an optimum of 0.2 points/pixels 

was preferred. At large spatial scales, values of 0 points/pixels also showed to be suitable. The 

responses were highly different for males; showing at the smallest scales a more suitable habitat for 

either low or high canopy density, when an optimum at 0.2 points/pixels was observed at large 

scales, with a similar response at low density values as females.  

Regarding the standard deviation of tree density (< 20m) from OO type models, male and female had 

different responses. For males, a negative linear response was observed for two scales (0.31 ha and 

56 ha). The other responses indicated values between 50 trees/ha and 70 trees/ha as unsuitable for 

the species, whereas extreme lower and higher values were more suitable. For females, the exact 

opposite response was observed at larger scales with more suitable habitat predicted for the same 

values. At smallest scales, the observed response showed very slight variations, being overall 

favorable. For the proportion of open areas variable, a higher percentage of open area was 

unsuitable for males at small scales. At 15.8 ha and 27.5 ha, a positive response was found whereas 

at the large 56 ha scales, an optimum at 50% of open area was found. For females, a linear negative 

response was observed for two scales (0.31 ha and 0.81 ha), but a positive response was observed 

for the other scales. For the largest scale 56 ha, an optimum at 50% was observed. 
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Figure 46 : Male response curves 
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Figure 47 : Female response curves 

 

2.5.3 Predictions 

Pearson correlations between predicted maps were calculated between models of each variable type 

for the same scale, to evaluate overall similarity in model predictions between OO- and PC-based 

models (Table 20). In a second step, predictions for the second study area (Jura) were compared over 

a surface common to the two LiDAR campaigns, to assess the transferability of the models across 

areas and LiDAR campaigns.  

The correlation between PC area-based and OO predictions were ranging from 0.32 to 0.74. The 

highest correlations between predictions, for both female and male models, were found at the two 

smallest scales (0.31 ha and 0.81 ha), with correlations >0.7 for males and females. At larger scales, 

correlations decreased, with lowest correlations at the largest scale (56 ha; 0.32 and 0.56 for females 

and males, respectively).  
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Table 20 : Pearson correlation between PC area-based and OO predictions over the Ain study 
area. 

 

Regarding the transferability of the model to other areas, the correlation ranged between 0.5 and 

0.82 for females and 0.61 and 0.88 for males. Comparing to PC area-based models, OO models had a 

higher heterogeneity between scales, and also showed the most extreme correlation values (low and 

high) (Table 21). In sum, with the exception of models for females at large scales (>= 27.5 ha), OO 

models were as transferable (absolute difference in correlation <= 0.01), or more transferable than 

PC-based models.  

Table 21 : Pearson correlation between predictions of each model type, calculated with two 
LiDAR datasets. 

 

2.6 Discussion 

The aim of this study was to evaluate the use of object-oriented LiDAR extracted variables to predict 

the distribution of an endangered forest bird, the Capercaillie, in the Jura massif. To achieve this 

objective, we compared model performance and transferability using two types of LiDAR extracted 

variables: commonly used point-cloud (PC) area-based and object-oriented metrics.  

The hypothesis that models with OO variables show a better or similar performance than PC-based 

models for the distribution of Capercaillie was not confirmed by our observations. Indeed, OO 

models overall performed slightly less well (according AUC) than PC area-based models and this for 

Scale Female Male 

0,31ha 0,79 0,81

0,81ha 0,71 0,74

1,8ha 0,39 0,64

15,8ha 0,58 0,66

27,5ha 0,58 0,7

56ha 0,32 0,53

PC OO PC OO

0,31ha 0,74 0,79 0,7 0,7

0,81ha 0,67 0,75 0,67 0,66

1,8ha 0,67 0,82 0,61 0,8

15,8ha 0,67 0,67 0,62 0,78

27,5ha 0,73 0,5 0,72 0,76

56ha 0,74 0,65 0,68 0,88

Female Male
Scale
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both sexes, particularly at larger spatial scales. However, the influence of scale was highlighted by 

both model types, showing high variations in model performance. 

A high contribution and a similar response shape was observed for each variable describing the 

heterogeneity of the vertical structure (the PC area based metric Simpson index for canopy height 

and the OO metric Gini index for tree height), highlighting the importance of the forest stand 

heterogeneity for the species. Furthermore, this result confirms the equivalence between those two 

variable types in our models. However, concerning the other variables, a general pattern was not 

observed. Indeed, in PC area-based models, the canopy density and height were contributing the 

most, indicating the importance of the cover and of the vertical structure, whereas in OO models the 

proportion of open areas and the standard deviation of the Tree density (>20 m) were the most 

contributing, indicating here the importance of the horizontal heterogeneity. The response curves 

observed the less contributing variables were also different between scales and sexes for both PC 

area-based and OO, making difficult to extract general conclusions from these results. 

The consistency of the predictions between model types is moderate, with correlation between PC 

area-based and OO maps being in some case low, in particular at the 56ha scale (0.32, 0.53) and for 

the 1.8ha scale (0.39 for female’s model). This result indicates that our models have in some cases 

important divergence in spatial prediction, leading to an uncertainty regarding model accuracy. This 

can be due to the fact that the models created from PC area-based and OO may capture different 

characteristics of the environment, leading to differences in the prediction. In particular, the 

extraction of understory objects is still a challenge due to the difficulty to find the vertical separation 

between small and tall trees, and the extraction of such objects was thus not addressed in this study. 

Information on the understory is provided by two PC area-based variables in our models: the 

penetration ratio 2-5m (mean and standard deviation) and the height quantile 25. On the contrary, in 

OO models, the minimum height for tree top detection was 5 m.  Yet, understory is known to 

constitute an essential component of the capercaillie habitat, which may explain why OO models 

were performing less than PC area-based models. Nevertheless, recent progress in LiDAR processing 

may soon fill this gap and allow the extraction of object bellow the canopy (Hamraz et al., 2017).  
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Also, the role of feature types (here quadratic and linear) in models may greatly influence the 

predictions, in particular for extreme values. Indeed, the response curves presented for the three 

main contributing variables were in some cases highly different between sexes and scales. In some 

cases, this might be due to the limited shapes of response curves that can be represented by 

quadratic features, and the use of more flexible, but adequately constrained, response curves by 

using  new features (e.g. hinge, splines) could reduce this effect (Ranc et al., 2017). 

There was some evidence that models using OO variables had higher transferability than PC-based 

models particularly at finer spatial scales. Overall, the transferability to another LiDAR dataset was 

moderate, with 10 cases with values below 0.7 out of 18 models. Those observations are indicating 

that the use of different LiDAR campaigns may require separate models to be more accurate 

(Chasmer et al., 2006; Hopkinson, 2007). 

Nevertheless, the advantages of using object-oriented variables when diffusing the results to 

managers are still important. The use of those variables may allow a better comprehension of the 

results as the model is more closely related to variables measured in the field by forest managers and 

used as indicators to plan forestry management actions. Indeed, objectives are usually quantified as 

stems densities or as number/percentages of gaps. In addition, if variables are easier to interpret, the 

results can be more readily used to raise awareness of conservation of a species or a habitat with 

other stakeholders such as private owners.  

2.7 Conclusion 

The use of LiDAR extracted object-oriented variables had a limited impact on model performance, 

accuracy and transferability. Indeed, more variation in terms of performance was observed among 

scales and sex, indicating that the type of variable used is not the most important component 

influencing model accuracy. Nevertheless, the use of those LiDAR object-oriented variables may still 

improve communication between researchers and managers, and should be therefore further 

explored in the field of conservation biology. 
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3 Capercaillie Distribution models 

3.1 Material 

3.1.1 Study areas 

Models and predictions for Capercaillie were made over the “species management area”, defined by 

Groupe Tétras Jura. This area represents the surface where active management activities for the 

Capercaillie can be planned across the Jura Massif:  areas characterized by a known population 

presence or by a favorable habitat, which can be eventually recolonized, according to expert 

knowledge.  

3.1.2 Capercaillie datasets 

For the winter season, we used the dataset coming from the long-term Capercaillie winter 

“prospections” survey collected between 2007 and 2018 by Groupe Tétras Jura. The observer’s 

survey tracks along with the presence signs’ locations were used for modeling. Thus, 379 

observations were used in the analysis (207 males and 172 females) in the Ain study area and 1105 

observations (691 males and 414 females) in the Jura study area (unknown sex observations were 

removed).  

For the summer season, very few “prospections” surveys were conducted, resulting in a low number 

of individuals observations associated with observer’s tracks. Therefore, those data collected 

between 2007 and 2017 were pooled with other opportunistic data collected with non-defined 

protocols. Only signs of presence localized using a GNSS receiver were used to avoid unprecise 

localization. Observations collected during the annual summer count “Battue” protocol were 

excluded, as it is composed mostly of locations of individuals that were flushed away by the 

observers, leading to a probably biased habitat association (Montadert pers. com.). In addition, 

few observations had information on the individual sex that is why separated models could not be 

created (contrary to winter models). This decision was supported by the hypothesis that the sex ratio 
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bias is estimated to be less important in summer (Montadert pers. com). The summer dataset was 

thus composed of 134 observations in the Jura study area and 161 observations in the Ain study 

area (both sexes).  

3.1.3 LiDAR datasets and variables 

The LiDAR datasets from both campaigns were used in this section. For more details on the LiDAR 

datasets please refer to the corresponding section in the Chapter materials (Chapter 2). The selected 

variables where the same as those listed in the object-oriented case (see this Chapter section 2), only 

the variable tree density (>10m) was replaced by the basal area (Gha) in the Ain study area (Table 

22). The standard deviation variable was not used at the smallest scale (0.0625 ha) but the raw 

metrics were used instead. 

Table 22 : LiDAR variables used for Capercaillie models. 

 

3.1.4 Other datasets 

To take into account the potential effect of disturbances on Capercaillie (Thiel et al. 2008), the 

distance to the closest ski runs (Groupe Tétras Jura dataset) was used to quantify this effect in all 

models. The intensity of the disturbances induces an increase of the flush distance and physiological 

stress response (Thiel et al., 2007, 2008). In addition, alpine ski infrastructures provoke deadly 

Season LiDAR metric Season LiDAR metric

Winter and 

summer
Basal area (m²/ha)

Winter and 

summer
Tree density (> 10m)

Winter and 

summer

Standard deviation of tree density 

(>20 m)

Winter and 

summer
Standard deviation of tree density (>20 m)

Winter and 

summer

Standard deviation of the proportion 

of gaps (25-100 m²)

Winter and 

summer

Standard deviation of the proportion of 

gaps (25-100 m²)

Winter and 

summer
Tree density (< 10m)

Winter and 

summer
Tree density (< 10m)

Winter and 

summer
Proportion of gaps 200-100 m²

Winter and 

summer
Proportion of gaps 200-100 m²

Winter and 

summer
Porportion of open area (> 1000 m²)

Winter and 

summer
Porportion of open area  (> 1000 m²)

Winter and 

summer
Tree gini index

Winter and 

summer
Tree gini index

Winter Distance to ski runs Winter Distance to ski runs

Ain study area Jura study area
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collisions with ski-lift cables which are thought to be non-negligible (Buffet and Dumont-Dayot, 

2013). 

3.2 Methods 

As with previous models, the package maxnet was used (Phillips et al., 2017). Variables that were 

highly correlated (>0.7) were removed from the analysis (Ain models: standard deviation gaps 

proportion (25-200 m²) for the scales 1.8 ha to 56 ha. The model performance was evaluated by the 

AUC using a 5 fold dataset partition. The contribution and response curves for each variable were 

evaluated. Two different sampling bias correction methods were applied, one for winter models and 

one for summer models due to differences in the Capercaillie dataset. 

3.2.1 Winter spatial sampling bias correction 

The spatial sampling bias correction method used to create winter models was the targeted 

background point method presented in the Chapters 3 and 4 and in the precedent section.  

3.2.2 Summer spatial sampling bias correction 

As survey observers tracks were available for very few data in summer, the correction method used 

for the winter models could not be applied to the summer models. Instead, the sampling bias impact 

was approximated by calculating the number of visits (using the date and the observer name) 

extracted from both the Capercaillie and Hazel Grouse observation datasets (Fithian et al., 2015a). By 

using this method, if one person observed multiple signs in the same day, this was still counted as 

one visit. The number of visits was calculated within pixels of 4km² and disaggregated to a 25*25 m 

pixel resolution afterwards. This variable was then used as an environmental variable, like one of the 

corrections method already tested in the Chapter 3 (Method distance to transect). This was then 

associated with the generation of 10 000 points randomly distributed over each study area.  
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3.2.3 Scales optimization 

The models were created by applying two methods recently described by (McGarigal et al., 2016):  

• A pseudo-optimized single scale method, where the different selected variables are 

evaluated simultaneously across a range of scales (see article 2), referred as “Single scale, 

multi-variables models” (Figure 32). 

•  A pseudo-optimized multiple scales method, where each variable is evaluated alone at each 

scale (single-variable, single scale models), and after, are combine together at their best 

scale, referred as “Mixed models” (Figure 32).  

3.3 Winter models results 

3.3.1 Mixed model creation 

Single-variable, single-scale models results are presented in table 23. Differences in best scale 

selection were observed between both study areas and sexes. For the Jura study area, the variables 

proportion of open area and tree density (>10m) were selected at the patch level for both sexes, 

whereas all the other variables showed best performances at the home range level. For Ain female 

models, all variables were selected at the patch level, except for the proportion of gaps (200-1000m²) 

which was selected at the home range level (56ha). On the contrary, only the basal area and the tree 

density (<10m) were selected at the patch level for males. The other variables showed best 

performance at the home range level.  
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Table 23 : AUC values calculated for single-scale, single-variable winter models 

 

Sex Area Level Scale Open area

SD Tree 

density (> 

20m)

gaps 

proportion 

(200-

1000m²)

Tree gini 

index

Tree density (>10 

m)

Tree_density 

(>10 m )

SD gaps 

porportion (25-

200 m²)

Distance to 

ski runs

0.0625ha 0.54 NA 0.53 0.56 0.57 0.51 NA 0.49

0.31ha 0.56 0.56 0.55 0.59 0.59 0.51 0.59 0.49

0.81ha 0.57 0.61 0.56 0.6 0.6 0.53 0.62 0.49

1.8ha 0.58 0.63 0.57 0.61 0.61 0.55 0.67 0.49

15_8ha 0.56 0.65 0.62 0.62 0.58 0.59 0.69 0.49

27_5ha 0.52 0.65 0.63 0.63 0.58 0.59 0.68 0.49

56ha 0.49 0.64 0.63 0.63 0.58 0.59 0.68 0.49

0.0625ha 0.56 NA 0.53 0.61 0.57 0.56 NA 0.58

0.31ha 0.58 0.59 0.55 0.64 0.6 0.6 0.62 0.58

0.81ha 0.6 0.62 0.56 0.66 0.6 0.62 0.63 0.58

1.8ha 0.6 0.65 0.58 0.67 0.61 0.63 0.66 0.58

15.8ha 0.59 0.66 0.63 0.68 0.56 0.65 0.7 0.58

27.5ha 0.58 0.67 0.65 0.69 0.56 0.65 0.7 0.58

56ha 0.55 0.66 0.66 0.69 0.56 0.65 0.7 0.58

Male

Female

JURA

Micro-Habitat

Patch

Home range

Micro-Habitat

Patch

Home range

Sex Area Level Sex Open area

SD Tree 

density (> 

20m)

gaps 

proportion 

(200-

1000m²)

Tree gini 

index
Basal  area

Tree_density 

(>10 m )

SD gaps 

porportion (25-

200 m²)

Distance to 

ski runs

0.0625ha 0.51 NA 0.53 0.59 0.5 0.55 NA 0.7

0.31ha 0.52 0.54 0.57 0.64 0.51 0.59 0.62 0.7

0.81ha 0.53 0.56 0.58 0.66 0.54 0.59 0.63 0.7

1.8ha 0.51 0.56 0.6 0.68 0.53 0.6 0.68 0.7

15_8ha 0.5 0.54 0.66 0.65 0.5 0.57 0.65 0.69

27_5ha 0.49 0.55 0.67 0.64 0.5 0.56 0.63 0.69

56ha 0.45 0.54 0.68 0.61 0.54 0.51 0.61 0.69

0.0625ha 0.48 NA 0.53 0.56 0.50 0.57 NA 0.71

0.31ha 0.53 0.57 0.52 0.63 0.53 0.64 0.61 0.71

0.81ha 0.53 0.58 0.48 0.64 0.51 0.65 0.65 0.71

1.8ha 0.51 0.61 0.53 0.65 0.51 0.67 0.66 0.71

15.8ha 0.52 0.64 0.64 0.65 0.51 0.68 0.67 0.7

27.5ha 0.53 0.66 0.66 0.64 0.51 0.67 0.66 0.7

56ha 0.56 0.63 0.63 0.58 0.53 0.62 0.61 0.69

Home range

Micro-Habitat

Patch

Home range

Female

AIN

Male

Micro-Habitat

Patch
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From the results of the single-scale, single-variable models, two mixed models were elaborated. 

When the same best value of AUC was observed for multiple scales, the smallest best scale was kept, 

as the aim is to produce a predicted map precise enough at the local scale. 

3.3.2 Models performances 

Models’ performances were differing between scales from poor to fair (0.63 to 0.79) (Araújo et al., 

2005; Guisan et al., 2017). Male models gave better performance than female models. The best 

performance was observed for mixed models except for female Jura models where the highest AUC 

value was observed at the 15.8 ha scale (Table 24).  

Table 24 : AUC values for winter models 

 

3.3.3 Variables contribution 

In both areas and for both sexes, the variable distance to the ski runs was highly contributing to the 

models.  

In the Ain study area, four variables contributed the most at all scales for both male and female: tree 

gini, basal area, proportion of open area and standard deviation of the tree density (>20m) (Figure 

48). The standard deviation of small gap proportion contributed at small scale for both sexes. The 

tree density (<10m) contributed to female models but showed a low contribution to male models. 

The mean proportion of gaps (200-1000m²) contributed only to the 0.81 ha, 1.8 ha and 15.8 ha scales 

for both sexes. In the mixed models, the contribution of the different variables was more 

homogenous. Differences between male and female models were observed: the variable standard 

deviation of the gaps proportion (25-200m²) contribute to female mixed models but not in male 

Female Male Female Male

0,0625ha 0,69 0,74 0,63 0,68

0,31ha 0,72 0,76 0,66 0,71

0,81ha 0,72 0,78 0,69 0,73

1,8ha 0,73 0,78 0,72 0,74

15,8ha 0,72 0,78 0,73 0,75

27,5ha 0,73 0,78 0,73 0,75

56ha 0,73 0,75 0,72 0,74

Mixed 0,75 0,79 0,74 0,77

AIN JURA
Scale
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mixed models. Similarly, the variable mean proportion of gaps (200-1000m²) contributed in male 

mixed models but not in female mixed models.  

Figure 48 : Contribution of the variables in the Ain study area for both sexes. 
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In the Jura study area, the proportion of open area, the tree density (>10m) and the standard 

deviation of gaps proportion (25-200m²) contributed the most for both sexes outside of the variable 

distance to ski runs (Figure 49). The tree gini index contributed more for female models but is an 

important variable for the 0.31ha scale male models. The mean proportion of gaps (200-1000m²) was 

contributing once again only for the male mixed model. 

Figure 49 : Contribution of the variables in the Jura study area for both sexes. 
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At the smallest scale (0.0625ha) in the Ain study area, variables contribution was similar between 

sexes (Figure 50). The variable distance to ski runs contributed the most, followed by the tree gini 

index, the basal area and the proportion of open area. 

Figure 50 : Contribution for the scale 0.0625ha, in the Ain study area 

 

In the Jura study area, the most contributing variables were the distance to ski runs, the proportion 

of open area and the tree density (>20m) (Figure 51). In the male model, the tree gini index and the 

tree density (>10m) also highly contributed, whereas the tree density (<10m), the mean gap 

proportion (25-200m²) and the tree density (>10m) contributed to the female model.  
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Figure 51 : Contribution for the scale 0.0625ha, in the Jura study area 

 

3.3.4 Response curves 

Ain study area 

Response curves for males and females area were highly similar, except for two variables: the 

standard deviation of the tree density (>20m) and the standard deviation of the gaps proportion (25-

200m²) (Figures 52 and 53). Here, the response curves of only the four main contributing variables 

will be described.  

The response curves to the variable distance to ski runs were similar between scales, showing an 

optimum for distances equal to 1km.  

At the three largest scales and for the mixed model, the tree gini index value of 0.15 and higher were 

preferred. At lower scales, an optimum was observed for the value 0.2.   
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The response to the basal area showed that intermediate values are more suitable (between 30 and 

50 m²/ha). At the 0.0625ha scale, the response reaches a plateau at 50m²/ha.  

The response curve of the proportion of open area showed that a proportion of 25% is preferred at 

large scales. However, the curve shape reaches a plateau, which gives high suitability for higher 

proportion values as well. At smallest scales, the response showed better suitability of the habitat for 

high proportion of open areas. 
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Figure 52 : Response curves for female models in the Ain study area. 
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Figure 53 : Response curves for male models in the Ain study area. 
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Jura study area 

The responses were different between sexes for the proportion of open area, tree density (>10m), 

and tree gini index (Figure 54 and 55).  

The response to the distance to ski runs was similar to the response observed in the Ain area, 

showing an optimum at 1km.  

For female models, high proportions of open area were unfavorable at all scales, whereas the same 

pattern is observed only at small scales for males. Indeed, at the largest scales, intermediate 

proportion values were predicted as unfavorable (25 to 60%).  

Concerning the standard deviation of the tree density (>20m) for female at small scales, high 

heterogeneity values were predicted unfavorable (linear response), whereas at largest scales, 

intermediate values were the most unfavorable (quadratic response). However, for male models, 

higher values of standard deviation were unfavorable at all scales. The response to the standard 

deviation of the proportion of gaps (25-200m²) showed that higher values were more favorable at all 

scales and for both sexes.  

Concerning the mean proportion of gaps (200-1000m²) a quadratic response curve was observed for 

male mixed models whereas linear responses were observed for single scale models.  
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Figure 54 : Response curves for female models in the Jura study area. 
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Figure 55 : Response curve for male models in the Jura study area. 
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3.3.5 Predictions 

Predictions were made over the two study areas for each single scale, multi-variables models and for 

the mixed models. Predictions from models at the smallest scales (micro-habitat and patch orders), 

showed that the forest is composed of a mixed of favorable and unfavorable habitat patches. In the 

figure 56, we can observe that females habitat appears more fragmented in the La Joux forest than in 

the northern part of the “Réserve Naturelle Nationale de la haute Chaine du Jura” (RNNHCJ). 

However, a large northern part of the reserve seems unfavorable for females Capercaillie (the same 

pattern was observed for male as well). At larger scales, the favorable patches for the species are 

larger. This can be observed in the figure 56 at the scale of 27.5 ha in both sites. The map created 

from the mixed model in the Jura study area was very similar to the 27.5 ha scale predicted map. On 

the contrary, the patchiness aspect of the landscape observed in the Ain study area is conserved with 

the mixed model predictions.  
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Figure 56 : Prediction at two different scales and mixed models for female 
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When female and male distributions were compared, slight differences were observed. This is 

illustrated in the Figure 57 in the Champfromier forest (Ain study area). Indeed, if the location of the 

best habitat was similar between sexes, habitats the most suitable for female were represented by 

larger patches. Such differences were however not observed in the Jura study area. 

Figure 57 : Comparison of the predicted male and female habitat suitability at the scale of 0.81 
ha (Ain study area, Champfromier forest) 

 

3.4 Summer models results 

3.4.1 Difficulties with summer models in the Jura study area 

The models created over the Jura study area were problematic. Indeed, when the first models were 

created using the selected variables (same as those used in winter models), the model was favoring 

old windfall areas, that were characterized by a high density of trees measuring between 5 and 10m 

(positive linear response) (Figure 58). In addition, the open areas were not predicted as unfavorable, 

contrary to winter models and summer Ain models. The importance of the variable density of trees 

(<10m) was confirmed by using the lime R package with the aim to find which variable was 

determining the final predicted value. In order to improve the relevance of those models, two 
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variables initially selected were removed: proportion of open areas and the tree density (<10m). 

Nevertheless, the predicted maps are still not showing those types of habitat as unsuitable. The 

results in terms of performance, variables contribution and response curves are described hereafter. 

Figure 58 : Comprison of summer models in Jura : The problem of open area and windfall 

 

3.4.2 Mixed model creation 

In the Ain study area, all variables were selected at the home range level except for the basal area 

which was selected at 1.8 ha (patch level). In the Jura study area, only the standard deviation of the 

tree density (>20 m), the gaps proportion (200-1000 m²), the tree gini index and the tree density (>10 

m) were selected at the home range level, whereas the other variables were all selected at the patch 

level (Table 25). 
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Table 25 : AUC of single-scale single-variable models 

 

 

3.4.3 Models performances 

Annex I. Models performances were differing between scales for the Ain study area but can 

be considered  as good with AUC values from 0.8 to 0.84 Araújo et al. (2005). For the Jura 

area, the AUC values can be considered as fair (0.74 to 0.76). The best performance was 

observed for mixed model in this study area (Table 26).  

Table 26 : AUC values for summer models 

 

  

Area Level Scale Open area
SD Tree density (> 

20m)

gaps 

proportion 

(200-

1000m²)

Tree gini 

index

Tree density 

(>10 m)
Tree_density (>10 m )

SD gaps 

proportion (25-

200 m²)

0.0625ha 0.54 NA 0.47 0.57 0.48 0.59 NA

0.31ha 0.54 0.53 0.51 0.59 0.52 0.58 0.56

0.81ha 0.55 0.55 0.5 0.6 0.52 0.59 0.57

1.8ha 0.57 0.55 0.49 0.61 0.52 0.6 0.56

15_8ha 0.59 0.58 0.49 0.63 0.53 0.6 0.51

27_5ha 0.59 0.61 0.5 0.63 0.53 0.59 0.52

56ha 0.59 0.62 0.54 0.63 0.51 0.59 0.53

Micro-

Habitat

Patch

Home range

JURA

Area Level Scale Open area
SD Tree density (> 

20m)

gaps 

proportion 

(200-

1000m²)

Tree gini 

index
Basal  area Tree_density (>10 m )

SD gaps 

proportion (25-

200 m²)

0.0625ha 0.58 NA 0.56 0.65 0.67 0.59 NA

0.31ha 0.59 0.6 0.59 0.69 0.69 0.62 0.67

0.81ha 0.58 0.66 0.63 0.7 0.71 0.64 0.7

1.8ha 0.6 0.69 0.63 0.71 0.72 0.65 0.73

15_8ha 0.63 0.74 0.66 0.73 0.71 0.66 0.75

27_5ha 0.63 0.74 0.66 0.73 0.71 0.65 0.76

56ha 0.65 0.7 0.65 0.72 0.7 0.64 0.73

Micro-

Habitat

Patch

Home range

AIN

Scale JURA AIN

0,0625ha 0,75 0,8

0,31ha 0,75 0,81

0,81ha 0,75 0,81

1,8ha 0,74 0,81

15,8ha 0,75 0,83

27,5ha 0,76 0,83

56ha 0,76 0,82

Mixte 0,76 0,84
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3.4.4 Variables contribution 

In the Ain study area, the basal area and proportion of open area contributed highly to all models 

(Figure 59). The standard deviation of the tree density (>20 m) contributed the most to the largest 

scale models. The standard deviation of gap proportion highly contributed to the mixed model and 

contributed moderately to small scales models. The tree gini index highly contributed to the 0.31 ha 

and 1.8 ha scales models.  

Figure 59 : Variable contribution for the Ain study area models 

 

In the Jura study area, the variables that contributed to models were different among scales (Figure 

60). The standard deviation of tree density (>20 m) contributed to all models. The proportion of gaps 

(200-1000 m²) contributed to models at 0.81 ha, 1.8 ha and to the mixed model. The standard 

deviation of the proportion of gaps (25-200 m²) and the tree gini index contributed to all models 

except at the 1.8 ha scale. 
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Figure 60 : Variable contribution in the Jura study area for summer models 

 

3.4.5 Response curves 

The response curves of the variables were more similar between scales and mixed models except for 

the tree gini index and standard deviation of the gap proportion (25-200 m²) (Figure 61). The basal 

area response curves showed that values between 20 to 25m²/ha are the most suitable for the 

species, with lower values for the smallest scales. The highest proportion of open area was predicted 

as unfavorable at the smallest scales and for the mixed model. However, intermediate values (25%) 

were predicted as more favorable at the three largest scales. For 5 of the 6 scales and for the mixed 

model, a high standard deviation value for the density of tree (>20m) was predicted unfavorable. At 

the smallest scales, a high tree gini index was observed to be more suitable. The mixed model 

response curve for the standard deviation of the gaps proportion (25-200 m²), which has a high 

contribution to mixed models, showed that a proportion of approximately 8% is the most suitable for 

Capercaillie. 
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Figure 61 : Response curves for the Ain study area models 
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The response curves for the summer Jura models differed between scales for numerous variables 

(Figure 62). For the standard deviation of the tree density (>20m), at the 0.31 ha and 27.5ha scales, 

high standard deviation values were unfavorable. However, for the 0.81 ha to 15.8 ha scales, 

intermediate values were predicted as unsuitable. On the contrary, for the largest scale and the 

mixed model, those same values were predicted as favorable.  

The proportion of gaps (200-1000m²) responses to the two smallest scales were linear and showed 

that a high proportion of gaps was unsuitable. For the other scales and the mixed model, a quadratic 

response predicted unsuitable habitat for proportion between 10 to 20%. Lower and higher 

proportions were more suitable compared to those values. 

For the standard deviation of the proportion of gaps (25-200m²) highly different response curves 

were observed. Indeed, at small scale an optimum was observed for a value of 7. At the 0.81 ha and 

for the mixed model, a positive linear response was observed. At the 1.8 ha scale, a monotonous 

response was observed whereas for all the other cases a native linear response was observed. 

The tree gini index response at small scale showed that higher values were more suitable for the 

species. However, at largest scales an optimum for a value of 0.2 was observed. 
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Figure 62 : Response curve for the Jura study area models 
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3.4.6 Predictions 

The predictions for both sexes in summer were very different from the winter models (Figure 63). In 

general for both areas, summer models seemed to be less spatially restrictive than winter models. In 

particular, the forest of La Joux is almost entirely favorable whereas only several patches were 

founds to be favorable in winter. In the Réserve Naturelle Nationale de la Haute Chaîne du Jura, the 

predictions for the southern part are relatively similar. However the northern part, which was 

predicted as unfavorable in winter, was predicted as more favorable in comparison to summer 

models. 
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Figure 63 : Predictions at two different scales and for mixed models in summer 
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4 Discussion 

In this chapter, Capercaillie distribution models using object-oriented LiDAR variables were produced 

at multiple scales for both the winter and summer seasons. In the first part we compared PC area-

based and object-oriented metrics, and in a second part, we produced final models for both winter 

and summer for the two study areas (Ain and Jura). 

The role of the environmental variables for both models reliability and results transmission was 

studied in the first part. The use of LiDAR extracted object-oriented variables regarding PC area-

based metrics had a limited impact on model performance, accuracy and transferability. 

Nevertheless, the use of those LiDAR object-oriented variables may still improve communication 

between researchers and managers, and thus were used to produce the final models in both study 

areas. In a second step in the Ain study area, the basal area, which is a variable widely used in 

forestry, was added to the models to reinforce the impact of the results. This variable highly 

contributed to both winter and summer models. This observation showed that variables collected by 

managers during forest inventories can be used to predict the distribution of endangered forest 

species (Teuscher et al., 2013). The consistency of the basal area response curves through the models 

(between scales and seasons) showed that this variable could be a good predictor for Capercaillie 

distribution. 

The contributions of the other variables that were common between the Ain and Jura, were 

consistent between scales and sexes but variations were observed between seasons and study areas. 

Nevertheless, four variables were found to have similar contribution in most models: the distance to 

ski runs (for winter models), the proportion of open area and the standard deviation of the tree 

density (> 20 m) and the tree gini index. We remark here that elements describing the presence of 

unsuitable habitat seemed essential for Capercaillie distribution modelling. As observed in precedent 

studies, variables describing the horizontal and vertical heterogeneity were important (Graf et al., 
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2009b; Zellweger et al., 2013b) however the shape of the response was not always similar between 

study areas.  

Performances varied between scales and sexes but were overall classified from poor to good 

performance (Araújo et al., 2005). In winter, performances were lower for female models, which may 

be due to the fact that there are fewer observations compared to males. In addition, one major 

limitation of our object-oriented metrics is that it cannot yet well describe the understory 

characteristics. The lack of this information may have a higher impact on female models, as 

individuals are supposed to use denser understory environment than males. This observation makes 

the link with the results obtained in Chapter 3, where no amelioration on the sex ratio estimation 

was found when applying a correction to spatial sampling bias. A difference in detection probability 

between males and females is likely to have a large influence on models predictions, producing more 

similar results than expected (Guillera‐Arroita, 2016; Lahoz-Monfort et al., 2014). 

Summer models showed similar performances in the Jura but higher performances in the Ain study 

area compared to winter model. Nevertheless, the differences between summer and winter models 

predictions were important in particular in the Jura study area. It has been shown that the reliability 

of evaluation metrics can be questioned (Fourcade et al., 2018). Here, summer models in the Jura 

produced predictions that were not always ecologically relevant (windfall and open areas set as 

favorable), but this aspect was not reflected by the AUC values. The low number of observations and 

the use of a less precise sampling bias correction method certainly played a large role in this result. 

The variables contributing to both seasons in the Ain study area were highly similar, showing again 

the importance of the variables describing horizontal and vertical heterogeneity for the species. In 

both areas, the major difference between the models is the use of the distance to ski runs in winter. 

As this variable contributes for a large part in all winter models and because no variable accounting 

for human disturbances (hiking and biking activities in summer) were used in summer models, it may 

be in part responsible of the variation observed in the predictions. As a consequence, summer 

models produced results based only on the forest structure. Areas that were found to be unfavorable 

in winter due to disturbances may yet contain habitat that can be structurally favorable for 
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Capercaillie. Thus, such type of habitat can be detected in summer models. Nevertheless, the 

differences observed between models confirm the differences existing in the habitat used by 

Capercaillie between seasons. In particular, the use by females with their chicks of more open areas 

with herbaceous layers may promote a higher suitability for those areas in summer models than in 

winter models. 

Variations in terms of performance were observed among scales, indicating that the choice of a 

relevant scale is important to produce reliable models. Those variations were higher for winter 

models than for summer models. Nevertheless, contrary to the Hazel Grouse models, Capercaillie 

mixed models had similar or higher results than single scale models, and this in both winter and 

summer, joining the observations of (Graf et al., 2005).  Because the best scales for each variable 

were different between study areas, the resulting predictions are different. In winter in the Jura 

study area, the predictions were similar to the largest scales predictions, whereas in the Ain study 

area predictions were comparable to small scale predictions. As for Hazel Grouse models, because of 

the lack of similarities between study areas, the best scales for modeling Capercaillie distribution 

cannot be found. Differences in the landscape between the two study areas and the role of other 

factors, such as population density and interactions with other species might explain this result 

(Mateo-Sánchez et al., 2016; Oatway and Morris, 2007; Prokopenko et al., 2017). Nevertheless, even 

if the mixed models have a better performance, the use of the other scales may still be useful for 

managers to plan both global and local actions.  

5 Conclusion 

The role of object-oriented extracted metrics as well as the estimation of variables used in forestry, 

such as the basal area, did not improve the performance or the transferability of the models but fit 

better managers conceptual view of the landscape than the commonly used PC area-based metrics. 

The results obtained with these metrics will allow a better transmission and adoption by managers. 
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From the different models created (study areas, scales, seasons and sexes), high variations were 

found indicating that datasets and environmental variables played an important role in models 

accuracy and performances. We showed the importance of a high horizontal and vertical 

heterogeneity associated with a basal area ranging between 20 and 30 m²/ha. The role of 

disturbances on individual distribution was also observed with a negative effect on the bird presence 

in areas close to ski runs (< 1km). 
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1 Introduction 

1.1 Habitat loss 

Beech regeneration greatly impacts Capercaillie habitat in the Jura Massif, leading to a decrease of 

the proportion of available suitable habitat. This phenomenon is linked to a change in forestry 

practices: in the past, beech was used as fuel wood and intensively harvested; but nowadays, the 

economic interest in this species has declined. In addition, cows pasture activities that long limited 

understory regeneration are now decreasing in the Jura. As a consequence, intense beech 

regeneration occurs after logging operations at altitudes lower than 1400 m (Vittoz, 1998) (Figure 

64). Yet, bilberry seed germination is affected negatively by shade (Nin et al., 2017). Thus, the 

understory cover, once suitable for bilberry growing (essential for Capercaillie, Figure 65) is becoming 

more and more closed and unfavorable.  

 

 

 

This dynamics can be held up by specific forestry management actions in habitat that are 

deteriorated (or will soon be) in order to restore a suitable environment (usually the proportion of 

bilberry cover availability but also the herbaceous layer in general), for the birds (Broome et al., 

2014). It consists in removing all beech regeneration to re-open the understory. Such management 

actions are a part of the “Plan départemental d’action en faveur des Tétraonidés 2014-2017”, 

Figure 64 : Example of unsuitable habitat due 
to beech intense regeneration (Groupe Tétras 

jura) 

Figure 65: Example of ideal summer 
habitat with bilberry ground layer (Groupe 

Tétras jura 
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financed by the departmental council of Ain and as a part of NATURA 2000 network. The 

combination of both forestry and Capercaillie management in parcels has been tested in the Giron 

and Champfromier communal forests with the aims to ameliorate the habitat, raise awareness to 

Capercaillie conservation among managers and evaluate different protocols in the field (Plan 

départemental). This action followed a first project in the natural national reserve of the Chaîne du 

Haut-Jura (2008-2013) that cleared beech regeneration on 83 plots of 500m² (with 82 control plots) 

(NATURA 2000). 

1.2 Beech 

The European beech is one of the major deciduous tree species found in Europe. This species is 

dominant in many forests across Europe and is limited in its range by pronounced cold or dry 

climates (Bolte et al., 2007). Trees measure between 30 and 35 m height, and have a high growth 

rate. Individuals can live more than 250 years but are usually harvested between 80 and 120 years. 

Fructification occurs only every 5 to 8 years and the seeds can be conserved for 5 years before 

germination. The species is not strongly self-pollinating thus the presence of several individuals 

blooming at the same time is necessary for the reproduction. Beech is a species tolerant to shade, 

thus regeneration can occur in forest with continuous canopy cover. The species grows preferentially 

in moist soil where roots can easily penetrate the substrate on a limestone bedrock.  

1.3 LiDAR and understory modeling 

While airborne LiDAR is a powerful tool to capture canopy characteristics, the detection of the 

understory faces some difficulties (Latifi et al., 2015; Su and Bork, 2007). Indeed, tree foliage 

intercepts a large part of the laser emissions, thus only very few reach the component present below. 

The number of points reaching the ground depends highly on the season (leaf-off versus leaf-on), the 

density of canopy, and the density of laser emissions. Thus, while LiDAR derived measures of the 

canopy top layers have strong correlation with field observations, this relation is lower for 

intermediate height layers (Latifi et al., 2015). Nevertheless, multiples studies have tried to address 

this issue (Hamraz et al., 2017; Latifi et al., 2015; Leutner et al., 2012; Martinuzzi et al., 2009) using 
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additional multiple variables sources such as hyperspectral or climate data. In particular, LiDAR was 

used to predict the spatial distribution of 14 understory plants that are food resources for grizzly bear 

(Ursus arctos). The addition of LiDAR variables to climate and forest cover improved the models for 

eight of the 14 plants species. In this case study, terrain conditions were more important predictors 

than canopy characteristics, indicating that importance of models variable such as elevation, solar 

exposition or slope should be taken into account when mapping understory species (Nijland et al., 

2014). 

1.4 Objectives 

The aim in this chapter was to create spatial models of the distribution of intense beech regeneration 

over the two study areas. The resulting predicted maps may be used to plan future actions to limit 

Capercaillie habitat loss in the Jura Massif. To achieve this objective, LiDAR extracted variables as 

predictors and field vegetation plots with information on the coverage of the beech regeneration as 

response variable will be used to create SDMs. 

2  Materials and Methods 

2.1 Environmental variables  

LiDAR extracted variables, already used for Capercaillie and Hazel Grouse modeling were also used in 

this Chapter. Topographic LiDAR extracted variables (elevation, exposition, slope and curvature) were 

used as well. 

2.2 Ain study area 

As presented in Chapter 2, beech regeneration data over the Ain study area are abundance data 

recorded as number of individuals by plot. Those data were transformed into binary response 

presence-absence. When the number of individuals was below 5, the value 0 (absence) was 
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attributed and all other values were considered as presence. Both types of data were used for 

modeling. 

Those data were collected with a highly precise GNSS receiver, thus with the aim to gain in accuracy, 

point-cloud based metrics were extracted for each plot with three different radii (10 m, 11.5 m and 

14.1 m). The first two diameters were chosen in function of the dataset plot size (for more 

information see chapter 2 section 3). The radius 14.1 m created a surface equivalent to the surface of 

a 25*25 pixel and was thus created to obtain better predictions over the study area. Object-Oriented 

and topographic variables were not calculated again over the vegetation plots, thus the variables 

values were extracted from the raster datasets at each location.  

2.3 Jura study area 

Concerning the Jura study area, the dataset containing categorical variables was transformed as well 

into a binary variable presence-absence. The categories D, C and B were assumed to be presence 

(regeneration cover > 20%) and the category A to be absence. The dataset containing information on 

the percentage of cover was used as abundance data.  

The LiDAR variables were extracted afterwards at each plot location.  

2.4 Visualization  

As a first step, the identification of differences among the LiDAR variables between presence and 

absence of beech regeneration plots was explored. Boxplots for each LiDAR variable were thus done 

with the aim to visually identify potential variables for modeling.   

2.5 Modeling 

Random forest algorithm (Breiman, 2001) and logistic regression were chosen to model the 

distribution of beech regeneration areas for presence-absence data.  

The random forest analysis was conducted using the R package caret (Kuhn, 2008). In addition, the 

categories “presence-absence” frequencies were imbalanced in the Ain dataset with the minority 
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category (presence) being the element we would like to predict (Ain: 0.82-0.17, Jura: 0.50-0.49). 

Classification algorithms are known to minimize the error rate and underestimate the importance of 

the minority class in the process (Liaw and Wiener, 2002). Thus, three approaches were used with 

the aim to overcome this problem in the Ain study area:  

• Weight: assigning a higher cost of misclassification of the minority class 

• Down-scaling: down sample the majority class to obtain equivalent classes 

• Up-scaling: over sample the minority class by replicating the data to obtain equivalent 

classes. 

Both random forest and logistic regression models were evaluated using the AUC. 

To analyze abundance type data, a generalized linear model (GLM) with a poisson regression was 

applied and evaluated using RMSE and linear regression. 

Models were created for each area and for the three plot sizes in the Ain area using four different 

models. 

3 Results 

3.1 Find potential variables 

3.1.1 Ain study area 

The differences between presence and absence of beech regeneration, regarding the extracted 

LiDAR variables and the topographic variables were low.  

With the locally extracted PC area-based variables, only the variable standard deviation of height and 

the canopy density 1-2 m were significantly different between plots with beech regeneration and 

absence plots. Those variables were followed by the exposition and the maximum height from which 
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p-value were inferior to 0.06. The other variables were not significantly different between the 

presence and absence of beech regeneration (Figure 66).  

Figure 66 : Boxplots and p-values (Wilcoxon test) for each PC area based LiDAR variable and 
topographic variable in the Ain study area. 

 

Concerning the exposition variable, the use of a boxplot may not represent best angular exposition 

data where 0° and 360° are in reality representing the same direction. To ensure that the differences 

between exposition of presence and absence plots represent a real phenomenon, circular histogram 

of the plot orientation were made (Figure 67). A high proportion of presence plots were oriented to 

the west whereas in the absence plots south-west and north-east directions were observed to have 

the higher proportion. 
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Figure 67 : Circular histograms for exposition 

 

For the OO variables, none were significantly different between plots with or without beech 

regeneration (Figure 68).  

Figure 68 : Boxplots and p-values (Wilcoxon test) for each OO LiDAR variable in the Ain study 
area. 
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Thus from those results, seven variables among those extracted over the plot locations (PC area-

based metrics) were selected for modeling. An additional variable describing the topographic 

conditions was also selected (Table 27). 

Table 27 : variables selected for modeling 

Ain 

Maximum Height 

SD Height 

Canopy density 1-2 m 

Canopy density 20-30 m 

Canopy density 30-60 m 

Penetration ratio 1-2 m 

Simpson index of heights 

Exposition 
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3.1.2 Jura study area 

In the Jura study area however, multiple variables were found to be significantly different between 

presence and absence plots. Among those, the penetration ratio 1-2 m and 2-5 m the canopy density 

1-2m, the elevation and the Simpson index showed the highest differences. Those variables were 

followed by the canopy density 10-20 m, the NDVI, the canopy density 30-60 m, and the maximum 

(Figure 69). 

Figure 69 : Boxplots and p-values (Wilcoxon test) for each PC area based LiDAR variable and 
topographic variable in the Jura study area. 
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Regarding the OO variables, heights were significantly different between presence and absence plots 

(Figure 70). Among those the Gini index for tree height, the tree density (<10m), the standard 

deviation of tree height, the sum of tree volume and the mean tree height were selected (Table 28). 

Figure 70 : Boxplots and p-values (Wilcoxon test) for each OO LiDAR variable in the Jura 
study area. 

 

Table 28 : variables selected for modeling 

Jura 

Slope 

Canopy density 1-2 m 

Canopy 10-20 m 

Penetration ratio 1-2 m 

Penetration ratio 2-5 m 

NDVI 

Tree density (<10 m) 

Gini index for tree height 

SD of tree height 

Simpson index 

Elevation 

Sum of tree volume 

Mean tree height 
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3.2 Models 

3.2.1 Ain study area 

First for the plot radius 10 m, we observed that the classification error for presence is very high for 

the basic and weighted cases, indicating that the model cannot predict with accuracy the presence of 

beech regeneration (Table 29). The AUC is in consequence very low with values below 0.6. When 

applying the down scaling sampling method, the classification error is lower for the presence (but 

higher for the absence) leading to a higher Out-Of-Bag (OOB) value and a poor performance. Finally 

the up-scaling sampling method showed the better classification accuracy for both presence and 

absence and the higher AUC value. Nevertheless, the different models can be classified as failure, 

because the all AUC values were below 0.6 (Guisan et al., 2017). Both the logistic regression and the 

GLM with poisson regression on abundance data also failed to produce a performant mode with very 

low AUC values or higher RMSE values (4.63) and R-squared (0.01).  

The same general pattern was observed for the two other plot radius cases, with overall low 

performance and classification accuracy with the exception of the logistic regression (radius 11.5) 

and the down scaling random forest model (radius 14.1 m). Both models showed higher AUC values, 

which are nevertheless classified as poor performances (≤ 0.7).  
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Table 29 : models results 

Ain 

Plot radius  Model type OOB Classification error AUC 

10 m 

RF basic 19.63% 0.97 0.53 

RF weighted 19.18% 0.97 0.51 

RF down 37.18% 0.41 0.54 

RF up  5.83% 0.02 0.55 

Logistic reg. . . 0.48 

11.5 m 

RF basic 18.26% 0.94 0.47 

RF weighted 18.72% 0.92 0.53 

RF down 46.15% 0.49 0.59 

RF up  4.44% 0 0.56 

Logistic reg. . . 0.62 

14.1 

RF basic 20.09% 0.97 0.50 

RF weighted 19.63% 1 0.54 

RF down 44.87% 0.43 0.68 

RF up  5.83% 0.01 0.54 

Logistic reg. . . 0.44 

 

Plot radius  Model type RMSE R-squared 

10 m GLM poisson 4.63 0.01 

11.5 m GLM poisson 4.68 0.01 

14.1 GLM poisson 4.72 0.01 

 

3.2.2 Jura study area 

In the Jura study area, the basic random forest model showed a moderate classification error for 

beech regeneration presence category (Table 30). The logistic regression showed the lowest 

performance and AUC values are classified as fair. GLM with Poisson regression showed low 

performance with an RMSE of 20.5 and an r-squared of 0.1. 

Table 30 : Random Forest models results 

Jura 

Pixel width  Model type OOB Classification error AUC 

25 m 
basic 34.67% 0.39 0.69 

Logistic reg. . . 0.65 

 

Pixel width  Model type RMSE R-squared 

10 m GLM poisson 20.5 0.1 
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3.2.3 Predictions 

Predictions were done for the best models in each area. In the Jura study area, the models predicted 

a large part of the forest to be between a cover of 0 and 40% of beech regeneration (Figure 71). 

Isolated patches with predictions of higher cover are also observed.  

Figure 71 : Predictions from the GLM Poisson distribution model (Mont Noir Forest, Jura 
study area) 

 

The predicted map from the Random forest model with down scaling, showed that the forest is 

composed of a matrix constituted of pixel with a probability of the presence of beech regeneration 

higher than 0.5 (Figure 72). Large patches of low probability of presence are observed but very high 

probabilities of presence are rare. If this model had the highest AUC value, the classification error is 

high thus probably leading to a low reliability of the predictions. In addition, this model was not 

validated by manager regarding their knowledge of the forests in the Ain study area.  
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Figure 72 : Predictions from the GLM Poisson distribution model (Champfromier Forest, Ain 
study area) 

 

4 Discussion 

First of all, when searching for potential environmental variables, the results were different for each 

study area. Only few variables showed differences between presence and absence plots in the Ain 

study area whereas a large part of the tested variables differed in the Jura study area. This might be 

due to the large difference in sample size (Ain: 274; Jura: 2100) or to the differences between the 

two datasets. Indeed, beech regeneration is usually present in patches smaller than the plot size, 

thus in one case the measure of the regeneration cover is approximate, but might be more 

representative of the whole plot characteristics than the count of the number of individuals on three 

small sub-plots. Furthermore, in the Jura study area, vegetation plots were sampled in areas were 

the Capercaillie presence is known, thus this dataset might be overall more homogenous regarding 

the forest structure than the Ain study area dataset. In the Ain area, selected variables were all from 
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PC based metrics, which is not surprising as OO variables were not designed to measure directly 

understory characteristics thus having a less pronounced response to the presence or absence of 

regeneration. 

In the Ain study area, higher canopy density 1-2 m and higher forest stands with a higher 

heterogeneity were associated to beech regeneration presence plots. In the Jura study area, 

variables calculated for understory layers (1-2 m and 2-5 m) indicated as well that such denser layer 

can be associated with beech regeneration presence. These observations confirm that LiDAR can to 

some extent detected directly understory elements. In addition to those observations, the role of the 

canopy density was characterized by a lower density of the 10-20 m layer in the Jura and of the 30-60 

m layer in the Ain study area indicating that indirect characteristics of the landscape may also help to 

differentiate regeneration presence or absence.  

Concerning the topographic variables, the elevation (Jura), slope (Jura) and the exposition (Ain) were 

found to be different between presence and absence plots. Lower elevation were associated with 

regeneration presence plots, which is not surprising as it is known that beech does not occur at the 

highest elevation (>1400 m) (Vittoz, 1998) but this threshold might soon be higher due to climate 

change. Beech regeneration presence plots were more exposed to west than other plots in the Ain 

study area. 

Despite those promising primary results, the modeling of the distribution of the beech regeneration 

was challenging. In the Ain study area, most models failed as only two out of 15 had an AUC higher 

than 0.6. In the Jura study area however, the observed models performances were higher with one 

model classified as fair (0.8 ≥ AUC ≥ 0.7). In this area, the GLM with Poisson distribution applied on 

abundance data gave low accuracy.  

Those results showed that the prediction of understory using LiDAR datasets is difficult, even if some 

other studies obtained good predictions accuracy. One characteristic of our LiDAR datasets may have 

played a large role in the difficulty to describe the understory. Indeed, both campaigns were done at 

a season when deciduous trees still have their leaves on, thus reducing the penetration of the signal 
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through the canopy. A LiDAR campaign during winter may thus help to better characterize directly 

the understory. However a thick snow cover may limit the collection of information on the lower 

vegetation. Nevertheless, the improvement in LiDAR processing may soon allow a better analysis of 

understory characteristics and even extract shrub objects (Hamraz et al., 2017). However, in this 

study a mean density of 170 points/m² in the LiDAR raw point cloud was used to accurately extracted 

such objects, which is much denser than our LiDAR datasets (21.3 and 18 points/m²). 

A second aspect is the effect of imbalanced data. Indeed, the rarity of the plots with an intense beech 

regeneration process regarding the total number of plots is making it difficult to extract relevant data 

probability due to strong variations between plots. The effect of the different methods to correct for 

imbalanced data did not improve models performances in the Ain study area. Nevertheless, a strong 

positive effect on the classification accuracy with down and up-scaling was observed. These results 

indicate that those methods can is some cases improved random forest model accuracy. Yet, in the 

case of down-scaling sampling, the diminution of the number of absence plots may reduce the scope 

of the environmental values associated with the absence of regeneration. Regarding the up-scaling 

sampling method, the replication of the small number of presence plots may increase the weight of 

some environmental variables, which may not truly represent the variables impacting the 

regeneration.  

Finally, the selected variables may not be enough for predicting the regeneration of a specific 

species. Indeed, multiples characteristics of the environment were not taken into account in our 

models. The regeneration intensity is not only influenced by the overall forest structure (tree density, 

canopy cover or exposition), but also by the type of soils, the presence of a reproducing tree. The 

presence of a few individuals that produce a large amount of seeds can influence greatly the intensity 

of the regeneration in the specific locality. Similarly, the dispersion of the seeds by vertebrates plays 

a role on the density and on the extent of the regeneration patch (Zwolak et al., 2016) but cannot be 

measured at large scales. In addition, it has been demonstrated that there is a highly intra-population 

variability in reproduction, which in our case potentially blurs the impact of environmental variables 

(Muratorio et al., 2012). 
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From those results, accurate and precise maps showing an ongoing intense generation process could 

not be made for the Ain study area but were created for the Jura study area. Indeed, the predicted 

maps were aiming to be used to plan efficient management actions (beech removing), thus highly 

accurate prediction of the presence of regeneration was needed.  

5 Conclusion 

The objective to produce accurate predictions for future management actions in favor of Capercaillie 

was achieved only for one of the study area. Despite the high potential of many LiDAR extracted 

variables to describe environmental structures that may both directly represent the understory 

structure or indirectly influence the beech regeneration intensity, the models created in the Ain 

study area failed or performed poorly. In the Jura study area, better results were obtained, probably 

due to a larger datasets and to a better estimation of the regeneration intensity through a response 

variable indicating the cover rather than individual count. The causes of the poor performance of 

many models may be due to the overall rarity of plots with intense regeneration and to the fact that 

some important variables may have been missed. However, future improvement in LiDAR datasets 

processing may soon allow a better estimation of the understory characteristics.   

Currently field survey is the only method used to detect beech regeneration patches, which is time 

consuming. The predicted map in the Jury study area will be used to plan future actions of beech 

removal by helping the identification of areas that need to be surveyed in priority. Those actions will 

also be supported by the Capercaillie distribution maps created in the previous chapter.
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This PhD project aimed to produce spatial distribution maps for Hazel Grouse, Capercaillie and beech 

regeneration to help managers in their decisions for prospective conservation actions or surveys. The 

specificities of the datasets (presence only, LiDAR) used and the targets species ecological 

requirements, allowed the exploration of the effects of spatial sampling bias, features interactions, 

environmental variables choice on models’ performance, accuracy and on the result transfer to 

managers. This Chapter aims to highlight the principal contributions of this work and to propose 

thoughtful reflections on how our results could be improved in general (e.g. modeling methods) and 

locally (e.g.  protocols design, new data collections, genetic). 

1 Improving SDMs performances and understand their 

limits 

1.1 Spatial sampling bias 

1.1.1 Main contributions 

The effect of spatial sampling bias, in the specific case of a species constituted of sub-groups with 

distinctive behaviors has been evaluated using both a virtual framework (virtual species and virtual 

sampling) and a sexually dimorphic species, the Capercaillie. The estimation of the sex ratio was 

indeed found to be biased toward one sub-group when no corrections were applied. The two tested 

corrections methods (targeted background points and distance to trajectories variables) both 

corrected the parameters and the sex ratio estimation in the virtual study case, but not with the 

Capercaillie datasets probably due to large differences in the probability of detection between male 

and females. In addition, the role of sampling design on SDMs accuracy was highlighted, as better 

results were observed with a combination of systematic and subjective design than with subjective 

design alone. The confirmation of the sampling bias correction methods efficiency allowed us 

thereafter to produce reliable models for both target species, including one showing a high sexual 

dimorphism, using heterogeneous datasets.  
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1.1.2 Perspectives  

The obtained results showed the great potential of using a virtual framework to improve our 

knowledge on SDMs outcomes. Such framework can be used to test new modeling methods and to 

estimate models’ accuracies and errors before application on a real dataset (Miller, 2014; Zurell et 

al., 2010). A virtual species can also be used to answer a particular ecological question while the 

initial dataset did not allow it (e.g what is the effect of competition on SDMs? (Godsoe et al., 2017)). 

The impact of sampling design on SDM prediction accuracy has been to our knowledge mainly 

investigated using real datasets thus evaluated after the data collection (Edwards Jr et al., 2006; 

Hirzel et al., 2006; Phillips et al., 2009). The creation of a virtual sampling approach along with real 

landscape data is promising as different scenarios can be tested even before the implementation of 

the survey on the study area as proposed by (Hirzel and Guisan, 2002). Thus the combination of 

different designs may be evaluated to optimize surveys in terms of costs in money and time (Fithian 

et al., 2015b; Zurell et al., 2010). In addition a careful evaluation of the outcomes regarding the 

implementation of a sampling design will help to obtain more reliable data for SDMs. The 

generalization of this approach may allow modelers to ensure that the chosen sampling method has 

the possibility to predict the species distribution with a high accuracy. 

The main limit of the spatial bias corrections applied on models is the general lack of knowledge 

about the bias occurring in a dataset (Isaac and Pocock, 2015). Therefore the use of variables 

describing the potential causes of the bias as predictor is an asset as the impact of each variable can 

be evaluated through its contribution (Varela et al., 2014). In a second step predictions can thus be 

corrected accordingly to those results. Moreover, the growing availability of GPS tracks may allow in 

the future the acquisition of more data on the observers’ trajectories, thus making the use the 

targeted background point possible in more projects.   

The impact on models’ accuracy when a part of the population is largely undetected remains 

unknown. Imperfect detection assuming that all individuals can be detected with the same 

probability has been demonstrated to have consequences on models’ accuracy (Guillera-Arroita et 

al., 2015). These consequences were shown to be more important when the imperfect detection 
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probability was depending on the environment (e.g. lower detection in dense vegetation cover) 

(Lahoz-Monfort et al., 2014). Yet, this aspect has been poorly taken into consideration in SDMs 

studies (14% out of 108 studies from 2008 to 2012 mentioned this issue (Yackulic et al., 2013)), and 

should in the future be further investigated.  

1.2 Scale evaluation 

1.2.1 Main contributions 

Single-scale and multi-scales models were compared for two targeted species with the aim to identify 

at which level environmental variables are perceived by individuals, thus improving the accuracy of 

the results. Differences in performance, accuracy, response were observed between scales for both 

Hazel Grouse and Capercaillie models. Unexpectedly, no overall best single scale for modeling was 

found, showing the high dependency of such result on the study area and/or on the initial choice of 

the scales. In addition the use of mixed models (multi-scales, multi-variables models) showed higher 

performances for both winter and summer Capercaillie models but not for Hazel Grouse models. In 

this work the differences between the LiDAR coverage of each study area may have played a large 

role in those differences. Indeed, the Jura study area was composed of forest landscape patches only 

(thus fragmented) whereas the Ain study area represented the full landscape (thus representing one 

block). By using a moving window to calculated metrics at different scales, the landscape variations 

outside forest were considered in the Ain area but not in the Jura study area (Figure 73). Our results 

showed that pseudo-optimized scale selection can be an asset to produce performant models but 

that the model accuracy is nevertheless dependent of multiple factors such as environmental 

variables, study area (location and extent) or targeted species ecological requirements.  
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Figure 73 : Differences between the Ain and Jura study area when calculating the values at 
different scales 

 

1.2.2 Perspectives  

Similarly to our results, Suárez-Seoane et al. (2013) observed that differences in variables 

contributions were higher between study areas than between the different scales in the same study 

area. The choice of relevant scales is challenging for multiple reasons. From our results, it seems yet 

difficult to compared results obtained from different studies and find the scales that will matter the 

most for a target species. Thus, the promotion of true optimization that does not involve the a priori 

selection of a set of scales to identify the best scales should be encouraged, as a choice is likely to 

influence the results (McGarigal et al., 2016).  

The role of the study area extent on SDMs accuracy has been studied mainly at large scales, 

comparing models using continental or regional observation datasets (Suárez-Seoane et al., 2013; 

Vale et al., 2014). The use of data providing information on the full or local range of a species was 

found to give different results in terms of performances, responses curves and spatial predictions 
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(Vale et al., 2014). It was also shown that the use of coarse scales when working at a regional extent 

decrease model performance (Suárez-Seoane et al., 2013). Here, the originality of the Jura study area 

dataset, describing only part of the environment arises new interrogations regarding the choice of 

scales. Is it preferable to use data that will show only the variations existing in an overall favorable 

landscape (here forest patches) thus predicting well the distribution in this habitat type? How to 

measure the cost of missing external elements influencing the species distribution in such case? This 

questioning should be address in the first place regarding the aim of the study, but the implications 

of using restrained and fragmented study areas should be further evaluated.   

1.3 Predictions  

1.3.1 Main contributions 

Spatial predictions were created for Hazel Grouse and Capercaillie in both study areas and for beech 

regeneration in the Jura study area. The comparison of Capercaillie predictions over an area common 

to both LiDAR coverages showed a good transferability of models from the Ain study area to the Jura 

study area with correlation higher than 0.66 with both PC area-based and OO metrics. 

The results at fine scales showed that suitable forest habitat is fragmented for both Hazel Grouse and 

Capercaillie. At large scales suitable habitat patches may be found at low elevation for Hazel Grouse 

were the presence or absence of the species is not yet documented. Suitable Capercaillie habitat is 

mainly restricted to higher elevation in winter models, but summer models showed a wider 

distribution of suitable habitats. The differences between male and female spatial predictions were 

low. Nevertheless, in the Ain study area female suitable patches were larger indicating less restrictive 

needs regarding the habitat characteristics.  

High differences in predictions were observed between summer and winter Capercaillie models. The 

interpretation of the responses curves and performance indexes were in some cases inconsistent as 

illustrated by the observation of incoherent responses shapes associated with high performances. 

The causes of these differences observed between models among scales, study areas and sexes are 

probably due to multiple causes. This overall result demonstrates that improvements in terms of 
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ecological relevance and prediction accuracy are still to be made for summer models. It also confirms 

that the indexes (AUC and Boyce) used for the selection of the best model need to be interpreted 

with caution (Fourcade et al., 2018). This was furthermore highlighted by the difference observed 

between the result obtained with AUC and Boyce index when evaluating the performances of PC area 

based and OO metrics. 

Beech regeneration distribution was predicted with a high accuracy in one study area showing the 

presence of large patches within the landscape. Such regeneration patches are overall present in 

every forest where the Capercaillie is present showing that the effect on the habitat availability might 

be important. Nevertheless, some forests units like Le Risoux, Le Risol or Le Massacre are observed to 

be more subject to the invasion of beech regeneration than others like the forest of La Joux or Mont 

Noir.  

1.3.2 Perspectives  

The decision to select the best model regarding the performances among only one (Capercaillie and 

Hazel Grouse) to three modeling technics (beech regeneration) may be a major source of variability 

in the predictions (Garcia et al., 2012). The weaknesses of our modeling framework may be 

overcome by using ensemble modeling (Guisan et al., 2017). Ensemble modeling consists in 

producing SDMs using several modeling algorithms with the aim to improve the prediction of the 

species distribution. Such framework can provide an estimation of the uncertainty causes by the 

algorithms sensitivity differences of to sample size, environmental variable proprieties, sampling bias, 

thus leading to a better identification of area suitable for the target species (Meller et al., 2014). 

1.4 Environmental variables 

1.4.1 Main contributions 

Four main variables contributing to the description of Hazel Grouse habitat were identified: the 

standard deviation of the canopy density, the proportion of open areas, the penetration ratio 

between 2-5m and the tree density >10m. Those variables describing the characteristics of both the 

understory and the canopy were evidenced on both sites at all scales, indicating the importance of 
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those parameters for Hazel Grouse and joining the observation of previous studies (Rechsteiner et 

al., 2017b; Sachot et al., 2003a; Zellweger et al., 2013b). 

Concerning Capercaillie, the effect of human disturbances illustrated by the variables distance to ski 

runs was found to have a high impact on the species distribution confirming the results of Coppes et 

al. (2017) and Thiel et al. (2007, 2008). This result was found in both study area and at all scales. The 

response was also consistent between models showing an optimal distance to ski runs of 1 km for 

the bird but this observation is higher than the relative avoidance distance (320m) observed by 

(Coppes et al., 2017). This observation may indicate that the disturbances are impacting the 

individuals at a wider scale than initially thought. Also, the presence of an optimum indicates that 

lower altitudes forests are not favorable for the species (a long distance from a ski resort suggests 

lower elevation areas). Differences in variable contributions and response shapes were observed. 

Nevertheless, the importance of a high horizontal (Standard deviation of tree density (>20m); 

standard deviation of the proportion of gaps (25-200m²)) and vertical heterogeneity (Tree gini index) 

associated with a basal area ranging between 20 and 30 m²/ha was shown. The variables used to 

describe a priori unsuitable habitats, such as the proportion of open areas, were also important in 

models to predict the distribution with accuracy. 

1.4.2 Perspectives 

LiDAR extracted metrics whether PC area based or OO are highly valuable when working with forest 

birds species (Tattoni et al., 2012b). Nevertheless, the habitat structure may not be sufficient to 

describe all the essentials aspects required by a species. Both species are depending on specific tree 

species as food resources. Thus, an essential aspect of the habitat description may have been missed 

by using mainly structure variables. The addition of variables describing better the species present by 

using satellite images or field inventories may further improve models (Bae et al., 2014b).  

The characterization of understory with LiDAR data is still to be improved. If by using PC area based, 

estimation on the density of those layers can be done (see Hazel Grouse and Beech regeneration 

models), the extraction of understory objects is yet challenging. Nevertheless, recent contributions 
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on vertical stratification of the LiDAR point cloud showed that such extraction can be done using a 

dense point cloud (170 points/m²) (Hamraz et al., 2017). Another study recently proposed a new lead 

on LiDAR point-cloud analysis by exploring the use of full variability of the data without making a 

priori assumptions on structural attributes. Few predictors were created using a principal component 

analysis and used with success to model red deer (Cervus elaphus) and roe deer (Capreolus 

capreolus) distributions (Ciuti et al., 2017). However, if this type of approaches can be used to 

improve models (for birds but also beech regeneration) the advantages of using OO metrics to 

improve results transmission to managers will be reduced. The whole potential of LiDAR object-

oriented metrics is yet to be explored. In this work the extraction of two types of objects was 

realized, but other types of objects may be extracted in forest (e.g. shrubs, trails (Ferraz et al., 2016)) 

or other environment (e.g. buildings (Al-Nahas and Shafri, 2018)) from fine scales (e.g. trees) to 

coarse scales (e.g. vegetation ensemble (Ruiz et al., 2018)).  

The role of disturbances highlighted in winter models may also be further explored. In particular, off-

tracks skiing or snowshoeing have recently become more popular, but the quantification of this 

impact cannot simply be estimated by using information on existing trails and ski runs. The 

emergence of sport applications with GPS support (like ©Strava) or simply the location of online 

activity (twitter, flickr, facebook) may soon allow researchers to obtain better information on such 

activities (frequentation and tracks) (Korpilo et al., 2017; Walden-Schreiner et al., 2018). The 

frequentation of the forest was also evaluated by the Groupe Tétras Jura, with the installation of 

camera traps in popular off-tracks locations in winter and might also be used to quantify this impact 

in future studies. Summer leisure activities may also be an important factor impacting Capercaillie 

distributions (Coppes et al., 2017). In particular a finer distinction between hiking trails, forest roads 

and unfrequented trails (which can even become favorable for broods) may improve summer model 

accuracy. Indeed, our description of gaps based on the total surface provoked the classification of 

trails and road as open areas. The addition of a description of the shape of large gaps (long and 

narrow versus circular type shape, soil curvature) may help to better classified large open areas 

(Ferraz et al., 2016; White et al., 2010).    
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2 Improving transmission to managers 

In this work, the improvement in the results transmission to managers was proposed at two different 

steps of the SDMs creation. First the choice of the variables type before modeling was done to 

optimize and facilitate the interpretation of the results without decreasing the model performance 

and accuracy. The use of object-oriented variables gave promising results for future research on 

endangered species distribution despite the lack of information on understory and allowed us to 

produce more transferable SMDs results to managers. The improvement in results transmission was 

not restricted to the extraction of object from the LiDAR point-cloud, as estimations of variables used 

in forestry such as the basal area by using vegetation inventories were found to be relevant as well in 

Capercaillie models. Those results show that the production of accurate models combined with the 

use of variable reflecting manager’s points of view was achieved.  

Secondly, three-dimensional response curves visualization was used to improve the comprehension 

of the variable interactions implications. Indeed, if a variable is important for the species it is thus 

essential to understand the implication for potential management actions. In the case of Hazel 

Grouse the usefulness of the interacting variables was limited because the interaction itself did not 

essentially contribute to the models. Nevertheless, such graphical visualization can be used in other 

cases even between non interacting variables (e.g. to observe the best combination between 

understory density and tree density or between the density tree (>10m) and the basal area)) (Zurell 

et al., 2012). 

Those two results show that the improvement of the communication between researchers and 

managers can be considered from the beginning of the process. In addition, within this work, two 

reports in French and final predicted maps along with LiDAR extracted metrics were produced as 

raster files which can be used as a basis for future decisions. Nevertheless, in order to plan future 

management actions those results which can be qualified as “raw” may need further interpretation. 

In particular, it could useful to subset the results by forests units or even by communal/private forest 
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plots as the decisions will mainly be taken within administrative units. The creation of interactive 

tools (interactive maps or graphics) that can be easily used by everyone may also help the transfer of 

the results to the target audience. The development of the shiny R package (Chang et al., 2018) 

which produces interactive web applications is making the creation of such tools easy for people who 

are already familiar with R. 

One major aspect which was not taken into account in Capercaillie models are the economics drivers 

impacting the bird habitat suitability (Braunisch et al., 2012). Indeed, if beech regeneration does have 

a strong impact on the Capercaillie habitat, it is not the only driver that leads to habitat degradation. 

Homogenous or young forest stand and a global dense tree density also constituted unsuitable 

habitat for the species. Propositions for managing such areas will require to take into account the 

economic and societal aspects in order to be accepted by municipalities and private owners (Di Minin 

et al., 2017; Naidoo et al., 2006). It was indeed a point participating to managers incomprehension 

raised by Addison et al. (2013). Question such as:  where can we plan management actions at least 

cost for owners? How to achieve conservation actions given the limited resources at our disposal? 

Should connectivity between suitable patches be promoted or improvement of large habitat patches 

will give better results for Capercaillie population persistence? Those questions cannot be fully 

answered with the models produced in the project. Thus, those aspects need further discussion with 

managers in order to propose different possible scenarios regarding the results obtained with 

Capercaillie models. 

One way to further ameliorate future recommendations for management actions in favor of 

Capercaillie may be to combine the results obtained with the Capercaillie and Beech vegetation 

models as proposed by Braunisch et al. (2016). New Capercaillie models using as one of the 

predicting variables the results from the beech regeneration model can be used to find the optimal 

characteristics for the bird. With this model, an optimal distribution can be predicted by stetting the 

beech regeneration at its optimal value. From this result, the potential expansion of favorable habitat 

could be investigated by comparing it to the original Capercaillie model.  



Chapter 7: Synthesis and perspectives 

249 
 

3 Local perspectives 

The results obtained for Hazel grouse will be used as a basis for the implementation of a new survey 

design detached from Capercaillie surveys. The collection of new data on the species may in the 

future be used to improve SDMs by giving information on areas that were not surveyed before. In 

particular, differences in vegetation types and species assemblages that may be different between 

high and low elevation could help to better estimate the species distribution. Such types of 

differences were not taken into account in our models for two reasons: 1) Observation data came 

from higher elevation 2) LiDAR extracted variable could only identify the proportion of coniferous 

trees and not the tree species. 

For Capercaillie, the challenge remains to identify with a high accuracy the areas with high beech 

regeneration. The collection of more data on beech regeneration, in particular in the Ain study area, 

could be intended to ameliorate SDMs results. The disparity between the different beech 

regeneration protocols probably participates in the difficulty to create accurate models and the use 

of observations on regeneration cover seems to be more efficient than the number of stems. The 

collection of more precise data on regeneration patches might be necessary (presence of 

reproducing trees, type of soil, patch size) to better understand what is driving this phenomenon. 

Another perspective would be to map not only the unsuitable understory habitat but also the most 

suitable one with a model for the distribution of bilberry.  

In addition to vegetation models, as Capercaillie may be more sensitive to the absence of bilberry in 

summer, the improvement of models for this season may be investigated. The low number of 

observations in this season, due to a sparse survey effort (driven by the difficulty to detect the signs 

of presence without a snow cover) is probably at the origin of some ecologically irrelevant results we 

observed in the Jura study area. The collection of data on the species occurrence in summer may 

benefit future intent of SDMs for this species. The differences in detection between male and female 

leading to a highly biased observation dataset in favor of males in winter was also a problem 
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encountered in this project. The continuation of the genetic survey using systematic sampling will 

soon give more information on the sex ratio and population dynamics. The role of the lek in 

population structure and individual occurrences may also benefit those data. The acquisition of 

genetics data by the Groupe Tétras Jura opens new perspectives to evaluate the effects of landscape 

characteristics on individual’s dispersal and functional connectivity (Milanesi et al., 2016). As our 

results showed a fragmentation in small patches of good forest habitats the genetic analysis of 

distances can help to understand the effects of habitat fragmentation on the populations and to 

identify elements preventing individual movements such as low quality habitat, ski resort, urbans and 

open areas. 

4 Conclusion 

This work proposed reliable SDMs predictions for two endangered forest bird and for an unsuitable 

habitat type: the beech regeneration. The evaluation of the effect the spatial sampling bias and the 

different corrections tested allowed us to use a heterogeneous datasets for modeling the distribution 

of the two target species. While the results confirm the usefulness of LiDAR data to map habitat 

structure for forest bird, the exploration of the use of LiDAR Object-Oriented extracted metrics for 

endangered species distribution modeling allowed the creation of more transferable models results 

to managers. The use of a framework to evaluate the role of scale in models and ultimately select 

that best one showed that this selection is highly dependent of multiple factors such as the study 

area location and extent, the environmental variable or as the target species requirements. The 

results obtained are one more step of a long path toward Hazel Grouse and Capercaillie conservation 

in the Jura massif and numerous ways to broken the predicted maps down into element for futures 

actions can now be intent with managers. 
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Annex I. Résumé en Français des 

chapitres 

R E S U M E  D U  C H A P I T R E  1  :  I N T R O D U C T I O N  

Les impacts des activités humaines ont des conséquences dramatiques sur les écosystèmes, altérant 

leur intégrité et fonctionnalité durablement (Vitousek et al. 1997). Dans le contexte d’une érosion 

globale de la biodiversité des actions pour la gestion durable des écosystèmes sont nécessaires. La 

mise en place des mesures de gestion est un défi car elles doivent protéger efficacement les milieux 

et les espèces des nombreux impacts (fragmentation de l’habitat, espèces invasives, changement 

climatique), tout en maintenant l’utilisation de ces milieux par les populations (agriculture, 

sylviculture, activités de loisirs). La mise en place de ces actions est particulièrement importante dans 

le cas de la protection d’espèces en danger d’extinction qui sont caractérisées par de petites 

populations. Ainsi la rapidité et l’efficacité des mesures est essentielle pour assurer avec succès la 

conservation de ces espèces, mais les types (long ou court terme) et les localisations (surface, 

emplacement) des actions doivent être évalués en fonction des coûts en terme d’argent et de temps 

(Moilanen, Leathwick, and Quinn 2011). Ainsi, la difficulté de prioriser les zones pour effectuer des 

actions en faveur de la conservation d’espèces est un problème inhérent à chaque projet et qui est 

au cœur de ce travail de thèse. 

Le futur de deux espèces emblématiques des forêts du massif Jurassien (France), le Grand Tétras 

(Tetrao urogallus) et la Gélinotte des bois (Bonasa bonasia) dépend, pour la première, des futures 

actions mises en place pour la conservation de son habitat et, pour la seconde, d’une meilleure 

connaissance de la distribution des populations. Les deux espèces sont menacées localement par de 

nombreux facteurs, notamment par la perte et la fragmentation de leur habitat, ainsi que par les 

perturbations causées par les activités humaines (ski et randonnée notamment). Ces espèces sont 

inféodées à des habitats forestiers constitués de strates verticales et horizontales hétérogènes 

correspondant à des besoins qui varient au fil des saisons. La présence de myrtilles dans le sous-bois 

est aussi un élément essentiel de l’habitat du Grand Tétras, lui permettant en particulier de faire des 

réserves avant l’hiver. Cependant, la récente progression de tâches de régénération du hêtre, 
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obstruant la lumière pour la végétation au sol diminue la disponibilité d’habitat où la myrtille est 

présente. Les pratiques forestières ont une grande influence sur la composition en espèces et sur la 

structure des forêts, ainsi l’adaptation des pratiques forestières aux besoins vitaux de chaque espèce 

peut permettre le maintien des populations dans le massif jurassien. 

Les modèles de distribution d’espèces (SDMs) sont largement utilisés en appui aux mesures de 

conservation (Franklin 2009a). Ces modèles décrivent les relations existant entre les observations 

d’une espèce et des variables environnementales, permettant d’obtenir les réponses de l’espèce à 

son environnement et de prédire spatialement la qualité de l’habitat. L’utilisation toujours plus large 

des SDMs est couplée avec l’émergence de la télédétection qui permet d’obtenir des caractéristiques 

du paysage à large échelle et à très fine résolution. Ces dernières années, de nombreuses études ont 

montré la pertinence de l’utilisation de la technique LiDAR (Light Detection And Ranging) pour 

extraire des variables d’environnement dans les milieux forestiers (Bae et al. 2014; Rechsteiner et al. 

2017). Le survol LiDAR des forêts où sont présentes les deux espèces (Jura, Doubs, Ain), rend possible 

l’extraction de variables d’environnement permettant de connaître précisément la structure 

tridimensionnelle du couvert végétal. 

Cependant, si les SDMs ont déjà été utilisés avec succès pour la mise en place de mesures de 

conservation (création d’une zone protégée), la grande majorité des résultats apportés par les 

publications scientifiques ne sont pas utilisés par les gestionnaires dans la mise en place des mesures 

de conservation (Guisan et al. 2013). Ce fossé entre les chercheurs et les gestionnaires est bien connu 

et provient d’une incompréhension mutuelle, d’une part des besoins des gestionnaires et, d’autre 

part, de la difficulté à interpréter et utiliser les résultats obtenus par les chercheurs par ces derniers. 

Ces difficultés sont liées aux différences entre la vision du terrain et des problématiques locales par 

les gestionnaires et les types de résultat pouvant être obtenu avec des SDMs. La complexité des 

modèles et les incertitudes liées aux résultats sont aussi un frein à leur utilisation. Ainsi pour assurer 

l’utilisation des SDMs dans le cas du Grand Tétras et de la Gélinotte des bois, trois points principaux 

identifiés comme essentiels constituent la structure de cette thèse :    
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• Les résultats doivent être fiables même en utilisant des données non-standardisées 

➢ Importance du choix des variables environnementales (Johnson and Gillingham 

2005; Fourcade, Besnard, and Secondi 2018). 

➢ Importance des caractéristiques des jeux de données d’observation, 

potentiellement biaisés dans l’espace et le temps (Cardador et al. 2017; Phillips 

et al. 2009).  

➢ Importance du choix des échelles spatiales et temporelles (Arkle et al. 2014; 

Graf et al. 2005). 

• Les résultats des modèles doivent correspondre à la vision conceptuelle des gestionnaires 

et doivent être faciles à interpréter. 

➢ Nécessité d’une collaboration approfondie avec les gestionnaires pour mieux 

comprendre les enjeux et les besoins. 

➢ Utilisation de variables environnementales pertinentes du point de vue du 

gestionnaire. 

• La communication des résultats doit être accessible pour chacun 

➢ Production de rapports décrivant les résultats en dehors des publications 

scientifiques. 

 

R E S U M E  D U  C H A P I T R E  2  :  M A T E R I E L  

Jeux de données d’observations 

Une base de données fournie par le Groupe Tétras Jura, forte de 6713 observations pour le Grand 

Tétras et de 6854 observations pour la Gélinotte des bois, a été utilisée. Les données ont été triées 

en trois catégories  à l’aide des dates, des noms des observateurs et de la distance aux tracés : 

prospections (hiver ou été), battues (été) et protocole inconnu. Seules les données les plus récentes 
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(depuis 2007), localisées avec un GPS ont été utilisées pour la construction des modèles. Les données 

de battues n’ont pas été utilisées car les oiseaux étant « chassés » par les observateurs, leur 

localisation ne correspond pas forcément à l’endroit où ils étaient au départ (comportement de 

fuite). 

Jeux de donnés LiDAR 

Les données LiDAR proviennent de deux campagnes différentes. La première s’est déroulée en 

automne 2014 et couvre 626 km² du département de l’Ain. La seconde s’est déroulée en été 2016, et 

couvre les zones d’intérêt forestières pour la Gélinotte des bois et du Grand Tétras du Jura et du 

Doubs (431km²). Il faut souligner ici que, à cause de plusieurs différences entre ces campagnes 

(technique, saison) des modèles seront proposé pour chaque zone séparément.  

Les variables LiDAR ont été calculées grâce aux packages LidR (Roussel and Auty 2016) et LidarRtree 

(en développement par Jean-Matthieu Monnet) sur le logiciel R. Deux types de variables ont été 

extraits, les métriques nuages de points basés sur la surface et les métriques orientées-objet. Les 

métriques dites « nuages de points basés sur la surface » sont des valeurs comme la moyenne de la 

hauteur, la densité des points, l’écart-type de la hauteur, calculées sur une surface définie de 

25m*25 m (taille du pixel choisie). En revanche, les métriques orientées-objet sont constituées 

d’éléments précis existant dans le paysage tel que les arbres ou les trouées. Ces objets sont extraits 

du nuage de points grâce à des caractéristiques définies à l’avance à une résolution de 0,5 m. Les 

arbres ont été extraits avec la méthode de détection des sommets. Les trouées ont été définies 

comme étant les zones d’une hauteur de canopée inférieure à 1 m, entourées d’arbres mesurant 

moins de la moitié de sa largeur. Par la suite, la moyenne résumant les caractéristiques des objets a 

été calculée pour une surface de 25m*25 m (taille du pixel). Enfin, à partir des objets « arbre » de la 

zone de l’Ain et grâce aux données des placettes permanentes de l’ONF (localisation des arbres sur 

chaque placette), la proportion de résineux par rapport aux feuillus a pu être estimée (Eysn et al. 

2015).   
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Jeux de données sur la régénération du hêtre 

Trois jeux de données ont été utilisés : deux collectés par le Groupe Tétras Jura (Jura et Doubs) et un 

troisième provenant des placettes d’inventaires permanentes de l’ONF (Ain). Les premiers jeux de 

donnés représentent 1380 placettes où le couvert de la régénération du hêtre a été mesuré et 1276 

placettes où une note (de A à D) a été attribuée suivant l’intensité de la régénération du hêtre. Les 

données de l’ONF sont constituées d’un dénombrement des tiges sur trois sous-placettes de 1,5 m de 

rayon.  

R E S U M E  D U  C H A P I T R E  3 :  M E T H O D E S  D E  
M O D E L I S A T I O N  

Les SDMs reposent sur différents postulats qui, s’ils ne sont pas respectés peuvent mener à des 

modèles peu performants et peu fiables :  

• L’espèce étudiée doit être à l’équilibre, ainsi les relations avec l’environnement de changent 

pas au court du temps ou de l’espace. 

• La méthode statistique choisie doit être appropriée aux types de données. 

• Les données d’observations ne doivent pas être sujettes à un biais d’échantillonnage (spatial 

ou temporel) et sont indépendantes. 

• Les variables environnementales ayant un impact sur la distribution de l’espèce sont toutes 

disponibles à toutes les échelles pertinentes pour la modélisation et ne contiennent pas 

d’erreurs.  

Cependant, les données d’observations sont généralement collectées sans protocoles définis, 

entrainant un biais d’échantillonnage spatial. Ce bais, s’il n’est pas corrigé, entraine la création de 

modèles qui représentent les caractéristiques de l’effort d’échantillonnage, plutôt que la distribution 

de l’espèce.  

Dans ce chapitre l’effet du biais d’échantillonnage a été exploré avec une espèce virtuelle constituée 

de deux sous-groupes avec des habitats différents et avec le cas d’une espèce dimorphique : le Grand 
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Tétras. Trois protocoles d’échantillonnages et deux méthodes de correction ont été appliqués à 

l’espèce virtuelle, tandis que des données provenant d’échantillonnages systématiques et subjectifs 

(biaisés) ont été utilisés pour le Grand Tétras. Les modèles non corrigés pour le biais 

d’échantillonnage ont montré des résultats biaisés pour l’estimation des paramètres et du sexe ratio, 

mais les deux méthodes de corrections appliquées ont permis de meilleures estimations de ces deux 

variables. L’effet du protocole d’échantillonnage montre que de meilleures estimations sont faites 

pour les cas aléatoires et systématiques mais que la combinaison de différents protocoles 

(systématiques et subjectifs) peut aussi améliorer les résultats en y apportant une correction. 

Concernant les données d’observations du Grand Tétras, les méthodes de correction n’ont pas 

permis d’obtenir un sexe ratio plus équilibré. En revanche le sexe ratio était plus proche de 50% avec 

le protocole systématique qu’avec le protocole subjectif. Ces résultats montrent l’importance de 

corriger le biais d’échantillonnage spatial dans le cas d’espèces constituées de groupes avec des 

besoins d’habitats différents (sexe, âge). 

Si le choix des variables environnementales est important, les échelles spatiales qui correspondent à 

la manière dont les individus perçoivent leur environnement est aussi essentiel. Ainsi, sept échelles 

différentes ont été choisies pour créer des modèles : sept modèles à échelle unique et variables 

multiples et un modèle mixte à échelles multiples et variables multiples. La performance des 

différents modèles a ensuite été comparée pour la Gélinotte des bois et le Grand Tétras dans les 

chapitres suivants, avec l’hypothèse que les modèles mixtes donneront de meilleures performances. 

R E S U M E  D U  C H A P I T R E  4 :  L A  G E L I N O T T E  D E S  B O I S  

Les modèles de distribution pour la Gélinotte des bois créés à l’aide de données LiDAR comme 

variables environnementales ont permis de produire des cartes de prédictions à plusieurs échelles. 

Quatre variables contribuant aux modèles dans chacune des zones d’études et à chaque échelle ont 

été observées, montrant que les caractéristiques structurales du milieu sont importantes pour 

l’espèce, en particulier pour la strate entre 5 m et 7 m. Les performances des modèles aux 

différentes échelles ont montré que les modèles mixtes ne sont pas les plus performants, 
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contrairement à l’hypothèse de départ. Cependant, les cartes produites prenant en compte les 

variables à différentes échelles permettent d’associer des effets locaux (végétation) à des effets à 

plus grande échelle (perturbations, fragmentation), qu’il est intéressant de prendre en compte. La 

limitation principale à l’interprétation des courbes de réponses provient du fait que seuls deux types 

de réponses peuvent être modélisés, linéaire et quadratique. Ceci a pour effet de rendre certaines 

interprétations non compatibles avec nos connaissances de l’écologie de l’espèce. Par exemple, des 

zones de densité d’arbres de 0 données favorables. La création de graphiques en trois dimensions 

pour visualiser au mieux l’effet de variables en interaction sur les prédictions a montré des résultats 

très différents suivant les zones d’études et les échelles. Ce type de graphique peut néanmoins 

permettre une meilleure compréhension des caractéristiques de l’habitat menant à des valeurs de 

prédiction favorables ou non.  

La mise en place d’un nouveau protocole de prospection pour la Gélinotte des bois permettra 

d’accumuler de nouvelles données, à la fois sur sa présence ou son absence, et, dans le futur, 

d’améliorer notre connaissance de la distribution de l’espèce dans le massif Jurassien. Ces données 

permettront aussi d’améliorer d’éventuelles futures modélisations de l’habitat de la Gélinotte des 

bois. 

R E S U M E  D U  C H A P I T R E  5 :  L E  G R A N D  T E T R A S  

L’utilisation de variables LiDAR orientées-objet peut faciliter grandement l’interprétation des 

résultats par les gestionnaires. Elles sont cependant peu utilisées pour la création de modèles de 

distribution d’espèces en danger d’extinction. Dans ce chapitre elles ont été utilisées dans les 

modèles de distribution du Grand Tétras. Les modèles orientés-objet créés à plusieurs échelles ont 

montré des performances légèrement inférieures aux modèles créés à partir des variables nuages de 

points (basées sur la surface), avec des différences plus prononcées à grande échelles. Les modèles 

orientés-objet étaient soit autant, soit plus transférables à une autre zone d’étude que les modèles 

nuages de points (basés sur la surface), avec des corrélations entre les prédictions supérieures à 0,66 

(évaluées sur une zone commune aux deux sites d’études). Ainsi l’utilisation de variables orientées-
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objet, dans notre cas les arbres et les trouées, montre des résultats prometteurs pour des modèles 

de distribution d’espèces dans une optique de conservation et a un grand potentiel pour améliorer la 

transmission des résultats aux gestionnaires.  

Les modèles de distribution pour le Grand Tétras créés à l’aide de données LiDAR orientées-objet 

comme variables environnementales ont permis de produire des cartes à plusieurs échelles avec des 

performances allant de faibles à bonnes. Les performances des modèles aux différentes échelles ont 

montré que les modèles mixtes sont, dans le cas du Grand Tétras, plus performants. Cependant, les 

cartes des modèles mixtes présentent entre elles de larges différences, car l’aspect de la carte 

dépend en grande partie de l’échelle sélectionnée pour chaque variable. Or ces échelles optimales 

étaient différentes entre les zones d’études, montrant que le choix d’une échelle pertinente reste 

difficile. Peu de différences entre les sexes ont été observées pour la contribution des variables et les 

courbes de réponse. Le rôle du dérangement (pistes de ski) dans la distribution de l’espèce semble 

important car cette variable contribue à tous les modèles d’hiver à toutes les échelles et sur les deux 

zones d’études. En revanche, des différences entre les zones d’études ont été observées pour la 

contribution des variables ne permettant pas, comme pour la Gélinotte des bois, de proposer les 

variables LiDAR les plus pertinentes pour cette espèce. Nos résultats montrent cependant 

l’importance d’une grande hétérogénéité verticale et horizontale associée à une surface terrière 

située entre 20 et 30 m²/ha dans la composition d’un habitat favorable pour le Grand Tétras. 

R E S U M E  D U  C H A P I T R E  6 :  L A  R E G E N E R A T I O N  D U  
H E T R E  

Des modèles ont été créés afin de prédire la distribution des zones avec une régénération intense du 

hêtre, qui est un habitat défavorable pour le Grand Tétras, mais aussi pour la Gélinotte des bois. Les 

variables environnementales utilisées dans les modèles ont été sélectionnées parmi des variables 

LiDAR ayant montré un fort potentiel. Pour cela les placettes avec une présence ou une absence de 

régénération du hêtre ont été comparées pour chaque variable LiDAR. Ainsi, des variables décrivant 

directement les caractéristiques du sous étage (variables nuage de points) entre 1 et 2 m ainsi que la 
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hauteur et l’hétérogénéité de la canopée ont été sélectionnées. Deux variables topographiques 

décrivant l’exposition, la pente et l’altitude ont aussi été utilisées.      

Trois algorithmes différents ont été utilisés pour créer ces modèles : random forest, régression 

logistique, et un modèle linéaire généralisé (distribution de poisson).  Pour la zone d’étude de l’Ain, 

les mauvaises performances des modèles n’ont pas permis de créer une carte de prédiction 

suffisamment fiable. En revanche, dans la zone d’étude du Jura, de meilleures performances ont été 

observées.  

Les résultats montrent qu’il est encore difficile de prédire avec une grande précision la distribution 

de la végétation du sous-étage en utilisant des variables LiDAR. Dans notre cas, l’utilisation de 

variables décrivant les caractéristiques du sol ou les espèces présentes pourrait améliorer les 

résultats obtenus. Néanmoins, les progrès rapides dans l’analyse et l’extraction d’objets pourront 

bientôt permettre une meilleure caractérisation du sous-étage avec le LiDAR (Hamraz, Contreras, and 

Zhang 2017). 

R E S U M E  D U  C H A P I T R E  7 :  S Y N T H E S E  E T  P E R S P E C T I V E S  

Ce travail de thèse avait pour objectif de produire des cartes de prédiction de la distribution de la 

Gélinotte des bois, du Grand Tétras et de la régénération du hêtre dans le massif Jurassien pour aider 

les gestionnaires dans leurs décisions de conservation, restauration d’habitat et mise en place de 

nouveaux plans échantillonnages. Les spécificités des espèces étudiées et des jeux de données 

utilisés ont permis l’exploration des effets du biais d’échantillonnage, des interactions entres 

variables, du choix des variables et des échelles sur la performance et la précision des modèles ainsi 

que sur le transfert des résultats aux gestionnaires. Les perspectives pour améliorer les résultats 

obtenus sont nombreuses.  

En ce qui concerne l’amélioration des méthodes de modélisation, on peut remarquer le potentiel 

d’utilisation des espèces virtuelles pour étudier des questions spécifiques, tester de nouveaux 

algorithmes ou de nouvelles méthodes d’échantillonnages adaptées une zone d’étude. Le choix des 

échelles d’analyse est difficile et est dépendant de la zone d’étude (localisation, étendue), ainsi 
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l’utilisation d’un cadre d’optimisation du choix des échelles peut être poursuivi dans la recherche de 

l’obtention de prédictions plus fiables.  

Pour l’amélioration du transfert et de l’utilisation des résultats provenant de SDMs, l’utilisation de 

variables orientées-objet a montré un grand potentiel pour participer à une meilleure transmission 

des résultats aux gestionnaires. Un effort dans la communication des résultats pourrait encore être 

fait, notamment grâce à l’émergence d’applications en ligne (R shiny par exemple) permettant à 

chacun d’avoir accès aux données, résultats, cartes et graphiques pouvant aider à la décision. 

L’acquisition depuis 2016 par le Groupe Tétras Jura de données génétiques pour le Grand Tétras 

ouvre de nouvelles perspectives qui pourront venir compléter les résultats obtenus, notamment pour 

évaluer l’effet de la fragmentation de l’habitat sur la structure des populations et la dispersions des 

individus, mais aussi pour estimer de manière plus précise le sexe ratio.     
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Annex II. LiDAR metrics code 
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Annex III. Supplementary material article 

1 : Distribution models of dimorphic 

species: correcting spatial sampling 

bias improves estimates of habitat 

association and sex ratio 

Supplementary material  

Appendix A1 

Table A1: Parameter values for the virtual species sub-groups 1 (female) and 2 (male) 

  Slope Canopy density 10-20m Simpson index Intercept 

Sub-group 1 -0,5 -0.3 -1 -3.8 

Sub-group 2 0.01 -0.02 0.08 -1,0 
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Appendix A2 

Table A1: Sampling design tested on the virtual species 

  

Fig. A2. Overview of the three-sampling designs for the virtual species case study. a) represents 

the random sampling design and random background point, b) represents the transects 

sampling design and targeted background point sampling, c) represent the subjective sampling 

design and targeted background points. 

 

  

Type Name Description

Random Random Random  points generation

Systematic Transects Sampling along transects

Non-systematic Subjective Real survey tracks
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Appendix A3 

Fig. A1: Parameter estimations (100 models) for virtual sub-group 2 (male) 

 

 

Table A2: Wilcoxon test p-values on parameter estimation mean values for the virtual sub-group 

2 (male) 
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Table A3: P-values from the Wilcoxon test on the ratio estimation distribution. 
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Annex IV. Supplementary material article 

2: Effect of interaction terms on 

species distribution models predictions 

interpretation at multiple scales. 

Wildlife Biology 

 

Appendix 1 

Table A1: Contribution of the interacting terms in models 

Scale 

Jura Ain 

Interaction 
1 

Interaction 
2 

Interaction 
1 

Interaction 
2 

0.31 ha Yes No Yes No 

0.81 ha No No Yes No 

1.8 ha No No Yes No 

7 ha No Yes Yes Yes 

15.8 ha Yes Yes Yes No 

27.5 ha  Yes No Yes No 
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Figure A1.1. 3D surface response curves for the two study area at the 0.31ha scale. 
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Figure A1.2 3D surface response curves for the two study area at the 0.81ha scale. 
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Figure A1.3. 3D surface response curves for the two study area at the 1.8ha scale. 
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Figure A1.4 3D surface response curves for the two study area at the 15.8ha scale. 
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Appendix 2 

Table A2.1 
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Table A2.2 
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Appendix 3 

Figure A3. Contributions of all variables for each study area and each scale. 
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Appendix 4 

R code will be available at: https://gitlab.irstea.fr/anouk.glad/effect-of-interaction 

  

https://gitlab.irstea.fr/anouk.glad/effect-of-interaction
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Annex V. Supplementary material article 

3: Mapping and managing bird habitat 

with LiDAR-based multi-scale object-

oriented indicators  

Remote sensing in ecology and conservation 

Appendix 1 

Figure A1.1 Correlation (Pearson) between AUC and Boyce index for each case. 

Case Correlation 

Female PC 0.72 

Female OO 0.41 

Male PC 0.24 

Male OO 0.92 
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Figure A1.2. Boyce index plot, with for x axis the habitat suitability and for the y axis the 

Predicted/Expected ratio. (female models) 
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Figure A1.3. Boyce index plot, with for x axis the habitat suitability and for the y axis the 

Predicted/Expected ratio. (male models) 
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Figure A2.1. Response curves to the major contributing variable distance do ski runs (female) 

 

 

Figure A2.1. Response curves to the major contributing variable distance do ski runs (male) 
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Annex VI. French report on Hazel Grouse 

distributions models 
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Note : Ce rapport constitue un résumé des travaux réalisés pendant la thèse (collaboration avec 

l’IRSTEA Grenoble LESSEM, encadrée par Björn Reineking et Jean-Matthieu Monnet et financée 

par le conseil départemental de l’Ain). Il présente les différentes méthodes mises en œuvre et 

les résultats obtenus dans la réalisation des modèles spatiaux pour la Gélinotte des Bois. Pour 

plus de détails concernant les divers aspects présentés ici, se référer aux chapitres et articles 

correspondant dans la thèse.  
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Documents associés :  
 

Cartes de prédictions au format raster pour deux zones d’études à différentes échelles.  

Les cartes de prédiction sont rangées dans le dossier « ProjetQGIS_cartes/DATA/Gelinotte » par 

échelle d’analyse dans des sous-dossiers séparés. Les fichiers sont aussi nommés avec un selon 

la zone d’étude et de l’échelle d’analyse. 

Nom données de prédictions brutes : Cartesbrutes/hiver /Zoneétude_GEL_Echelle_exponential 

Nom données de prédictions catégorisées : Classes /hiver/Zoneétude_GEL_Echelle 

Un projet QGIS nommé CARTES_MODELE.qgs permet de voir directement les cartes classifiées 

avec un fond de carte. 
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Cartes des variables LiDAR utilisées pour les modèles au format raster :  

Ces données sont rangées dans le dossier « ProjetQGIS_cartes/DATA/Gelinotte /Variables » par 

échelle d’analyse et par type (moyenne ou déviation standard) dans des sous-dossiers séparés. 

 

  

Type de variable Base nom fichier Nom d'utilisation

sdH.nb20_30relative_density
Standard deviation de la 

densité de la canopée 20-30m

sdH.nb0.5_1ratio
Standard deviation du ratio de 

pénétration 0,5-1m

MeanH.nb2_5ratio Ratio de pénétration 2-5m

sdH.nb2_5ratio
Standard deviation du ratio de 

pénétration 2-5m

Meantreeinf10.density Densité des arbres (<10m)

Meantree10.density Densité des arbres (>10m)

Meantree.giniH Indice de gini

MeanG.s200_1000
Pourcentage de trouées de 

taille moyenne

MeanG.s1000_Inf
Pourcentage de zones 

ouvertes

sdprop_conifG2
standard deviation de la 

proportion de conifères (Gha)

meanprop_conifG2  Proportion de conifères (Gha)

sdndvi Standard déviation NDVI

meanndvi NDVI

bati_surfaceratio
Ratio de la surface des 

batiments

MeanRoad
Distance aux routes 

principales

Nuage de points

Données ONF 

placettes et LiDAR (Ain 

seulement)

Données satellite 

sentinel (Theia Cnes) 

(Jura seulement)

Aurtes (Ain seulement)

Orienté-objet
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1 Introduction 

Dans le massif Jurassien, les populations de Gélinotte des bois sont en déclin. Cependant la 

distribution complète de l’espèce sur ce vaste territoire est aujourd’hui méconnue en particulier 

dans les zones de basse altitude (Bellon 2011). Le Groupe Tétras Jura dans sa mission d’étude et 

de protection des galliformes de montagne présent dans le massif souhaite acquérir pour les 

années futures de nouvelles données sur les populations de Gélinotte des bois Jurassiennes. La 

zone étant très vaste, la nécessité d'optimiser le plan de prospection selon la richesse potentielle 

des massifs (probabilité de présence forte, incertaine, faible) et de maîtriser les moyens 

d'inventaire a été soulignée. Dans ce cadre, l’idée de développer des modèles de distribution 

d’espèces a été proposée. Les modèles de distribution d’espèce, aussi appelés modèles de niche, 

sont aujourd’hui communément utilisés en écologie et biologie de la conservation (Franklin 

2009b). Ces modèles permettent de relier les présences d’individus aux caractéristiques du 

paysage où ils ont été observés. Ainsi, ces modèles permettent de connaître la réponse de 

l’espèce pour chaque variable utilisée et de faire des prédictions pour des zones où les données 

sur l’espèce sont manquantes. On obtient alors une carte de prédiction qui montre les zones ou 

l’habitat est favorable ou non à la persistance de l’espèce (Elith et al. 2011). De nombreuses 

étapes et données sont nécessaires pour construire un modèle de distribution d’espèces (Figure 

1). 

Les caractéristiques du paysage peuvent être représentées par de nombreuses variables dans 

l’espace et le temps. Récemment, le développement des systèmes d’acquisition d’image, 

notamment satellite, a permis de couvrir des zones de plus en plus larges. Ces dernières années, 

de nombreuses études ont montré la pertinence de l’utilisation de la technique LiDAR pour 

extraire des variables d’environnement dans les milieux forestiers (Bae et al. 2014; Rechsteiner 

et al. 2017). Grâce au survol LiDAR des forets du massif (Jura, Doubs, Ain), des variables 
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d’environnement permettant de connaître précisément la structure tridimensionnelle du 

couvert végétal ont été calculées pour les modèles de distribution d’espèces. Le calcul et le choix 

de ces variables n’est que la première étape de la méthode permettant de construire ces 

modèles. En tout, cinq étapes majeures et successives ont été nécessaires à l’élaboration des 

modèles (figure 1). Ces différentes étapes sont décrites en détails dans les sections: méthodes et 

résultats.  

Figure 1 : Les étapes de la création d’un modèle de distribution d’espèces. 
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LiDAR 

Le LIDAR (ou télédétection par laser) dont le nom provient de l’anglais LIght Detection And 

Ranging, est une technique qui permet, grâce à l’émission d’une onde laser et à la réception de 

signaux de cette même onde réfléchis par les objets qu’elle rencontre, de calculer la distance 

entre l’appareil et l’objet. Cette distance est calculée à partir du temps écoulé entre l’émission et 

la réception du signal. L’appareil peut être utilisé au sol, mais il démontre surtout son avantage 

lorsqu’il est embarqué à bord d’un avion ou d’un hélicoptère. Dans ce cas, le laser est dirigé vers 

le sol, ce qui permet de calculer la distance entre l’avion et les objets rencontrés par l’onde laser. 

Ainsi, en connaissant l’altitude du vol et la position de l’avion à la verticale de ce point grâce au 

système GPS, il est possible de connaitre la hauteur des objets (Maisons, arbres, buissons …) à la 

surface du sol. Ces acquisitions par avion permettent à la fois de couvrir une très grande surface 

et d’avoir un nuage de points en 3 dimensions (latitude, longitude et hauteur) très précis 

(résolution jusqu’à 15cm grâce à l’envoi de 10 impulsions laser par m2).  

 

Mais le plus grand avantage d’utiliser une onde laser, c’est qu’elle peut pénétrer le couvert 

végétal. Ainsi, une impulsion peut en réalité renvoyer plusieurs signaux de retour : une première 

partie du faisceau laser est réfléchie par le feuillage mais le reste traverse et est ensuite réfléchi 

par l’objet situé au-dessous (une autre partie du feuillage, une branche, le tronc, un buisson, et 

même le sol). Ainsi, grâce à une seule émission, on peut recevoir jusqu’à 4 ou 5 signaux de 

retour. Cela permet d’avoir non seulement des informations sur la hauteur de la canopée, mais 

aussi de produire dans une certaine mesure une cartographie des sous-bois et des reliefs du sol.  
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2 Méthodes 

2.1 Jeux de données des observations de Gélinotte des Bois 

Les données des prospections d’hiver récoltées entre 2007 et 2016 par le Groupe Tétras Jura ont 

été utilisées. Les observations sont en majorité des indices de présence localisés en utilisant un 

GPS. Les tracés des prospections de chaque observateur a aussi été enregistré et permet de 

savoir très précisément quelles zones ont été prospectées (effort d’échantillonnage). Un total de 

1100 localisations a été utilisé pour faire les modèles de distribution d’espèces (961 dans le Jura 

et le Doubs et 139 dans le département de l’Ain). 

2.2 Jeux de données LiDAR 

Les données LiDAR proviennent de deux campagnes différentes. La première s’est déroulée en 

automne 2014 et couvre 626km² du département de l’Ain. La seconde s’est déroulée en été 

2016, et couvre les zones d’intérêts pour la Gélinotte du Jura et du Doubs (431km²). Il faut 

souligner ici que, à cause de plusieurs différences entre ces campagnes, des modèles seront 

proposé pour chaque zone séparément.  

Le deuxième point est le fait que la zone du département de l’Ain recouvre une surface continue 

tandis que la deuxième campagne cible les zones forestières. Ainsi, une attention particulière 

doit être accordée, lors de l’interprétation des résultats du modèle aux variations présente du 

paysage de chaque zone.  

Pour la suite du rapport et pour des raisons pratiques, les modèles construits avec le LiDAR de la 

première campagne seront appelés « modèles de l’Ain », et ceux issus des données de la 

deuxième campagne « modèles du Jura ». 
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Figure 2 : Les couvertures LiDAR des deux zones d’études du massif Jurassien 

 

2.3 Calcul des variables LiDAR 

Les variables LiDAR ont été calculées grâce aux packages LidR (Roussel and Auty 2016) et 

LidarRtree (en développement par Jean-Matthieu Monnet) sur le logiciel R. Deux types de 

variables ont été extraits, les métriques nuages de points et les métriques orientées-objet. Les 

métriques dites nuage de point sont des valeurs comme la moyenne de la hauteur, la densité 

des points, l’écart-type de la hauteur calculées sur une surface définie de 25m*25m (taille du 

pixel choisie). En revanche, les métriques orientées-objet sont constituées d’éléments précis 

existant dans le paysage tel que les arbres ou les trouées. Ces objets sont extraits du nuage de 

point grâce à des caractéristiques définies à l’avance à une résolution de 0.5m. Les arbres ont 

été extraits avec la méthode de détection des sommets. Les trouées ont été définies comme 

étant les zones d’une hauteur de canopée inférieur à 1m, entourée d’arbres mesurant moins de 

la moitié de sa largeur (Figure 3).  Par la suite, la moyenne résumant les caractéristiques des 

objets a été calculée pour une surface de 25m*25m (taille du pixel). Enfin à partir des objets 

arbre de la zone de l’Ain et grâce aux données des placettes permanentes de l’ONF (localisation 
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des arbres sur chaque placette), la proportion de résineux par rapport aux feuillus a pu être 

estimée (Eysn et al. 2015).  

Figure 3 : Illustration de la méthode utilisée pour la détection des trouées. 

 

2.4 Sélection des variables  

Les variables ont été sélectionnées après une première étape de recherche bibliographique et 

de consultation experts. Elles ont été choisies afin de représenter les différents éléments du 

paysage potentiellement importants pour la Gélinotte des bois (Tableau 1).  

La densité du couvert est un élément essentiel pour cette espèce. En effet, une couverture de la 

canopée modérée a souvent été déterminée comme étant favorable pour l’oiseau (Hofstetter et 

al. 2015; Zellweger et al. 2014). Dans ce but, nous avons sélectionné plusieurs variables pouvant 

représenter ces variations dans le paysage : la densité des arbres de hauteur de 5 à 10m, la 

densité des arbres de hauteur supérieure à 10m ainsi que la variable pourcentage de trouées de 

taille moyenne (200 à 1000m²).  
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La Gélinotte des bois favorise un paysage hétérogène horizontalement, en particulier 

concernant le sous étage, alternant des zones de densité végétale plus ou moins fortes (Mathys 

et al. 2006). Pour étudier cet aspect, trois variables ont été retenues : la déviation standard de la 

densité de la canopée entre 10 et 20m et la déviation standard du ratio de pénétration entre 

0.5-1m et 2-5m. 

De plus, la Gélinotte des bois est communément associée à des forêts bien structurées 

verticalement (Schäublin and Bollmann 2011). L’ajout d’une variable indice de Gini pour la 

hauteur des arbres a donc été décidé. 

La Gélinotte des bois n’est pas présente dans les milieux ouverts. Pour tenir compte de cet 

aspect dans les modèles, la variable proportion de zones ouvertes a été sélectionnée. Ces zones 

ouvertes peuvent représenter aussi bien des zones d’alpages que des champs ou des zones 

urbaines. 

Enfin, dans le but d’incorporer dans les modèles l’effet de proportion des espèces végétales 

forestières sur la Gélinotte des bois, deux autres variables ont été calculées. En effet, la 

Gélinotte est principalement présente en France dans des forets mixtes à dominante conifères 

(Sachot, Perrin, and Neet 2003). Pour la zone de l’Ain, la proportion de résineux ainsi que la 

déviation standard de cette proportion ont été utilisées. En revanche, pour la zone d’étude du 

Jura, cette proportion n’a pas pu être calculée. Ainsi, l’indice NDVI (Normalized Difference 

Vegetation Index) a été utilisé dans le but de mesurer les variations de productions dans le 

couvert végétal (données du 17/07/2016, Copernicus Sentinel-2 2016 par le CNES pour le centre 

THEIA). 

Le dérangement par les activités humaines a aussi été souligné comme pouvant influencer la 

présence de l’espèce, même si cela affecte la Gélinotte des bois dans une moindre mesure 

comparé au Grand Tétras (Räty 1979; Leclercq 1985). Ainsi pour la zone d’étude de l’Ain qui 
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représente le paysage dans sa totalité, deux variables ont été ajoutées, afin d’avoir des 

prédictions plus fiables.  

• La distance aux routes principales (Institut national de l'information géographique et 

forestière IGN Route 500®), où uniquement les axes locaux à nationaux reliant les 

principaux centre urbains et infrastructures ont été retenus.  

• Le ratio de la surface des bâtiments à différentes échelles spatiales afin d’incorporer la 

présence des centres urbains (IGN BDTOPO®). 

Tableau 1 : Variables sélectionnées 

 

Type de variable Nom Description Indice Importance pour la Gélinotte References

Standard deviation de la 

densité de la canopée 20-30m

Densité des points 20 et 30m 

(déviation standard)

Indice de l'hétérogénéité 

horizontale de la couverture 

de la canopée

L'Habitat sera favorable si la surface couverte par 

la végétation est modérée  (40% -60%) (>5m), de 

grand disparités indiquent un paysage hétérogène

Mathys 2000, Hofstetter 

2015

Standard deviation du ratio de 

pénétration 0,5-1m

Ratio de pénétration 0,5 et 1m 

(déviation standard)

 Indice de l'hétérogénéité 

horizontale de la densité du 

sous bois

Présence de Myrtilles ou de strate herbacée 

(élevage des jeunes), une très forte densité de point 

pourrait indiquer un couvert non favorable 

Mathys 2006, Aberg 2003, 

Zellwger 2014, Katjoch 2012 , 

Sachot 2003

Ratio de pénétration 2-5m Ratio de pénétration 2 et 5m
Indice de densité de la strate 

arbustive basse

Abris et zones d'alimentation pour la Gélinotte (si 

présence de saules, sorbier) 

Mathys 2006, Schäublin 

2011, Montadert (pers. Com)

Standard deviation du ratio de 

pénétration 2-5m

Ratio de pénétration 2 et 5m 

(déviation standard)

Indice de l'hétérogénéité 

horizontale de densité de la 

strate arbustive basse

Abris et zones d'alimentation pour la Gélinotte (si 

présence de saules, sorbier) 

Mathys 2006, Schäublin 

2011, Montadert (pers. Com)

Densité des arbres (<10m)
Densité des arbres mesurant moins 

de  10m (nombre/ha)

Indice du couvert de la strate 

arbustive

L'Habitat sera favorable si la surface couverte par 

la végétation est modérée  (40% -60%) (>5m)

Mathys 2000, Hofstetter 

2015

Densité des arbres (>10m)
Densité des arbres  mesurant plus de 

10m (nombre/ha)

Indice du couvert de la 

canopée

L'Habitat sera favorable si la surface couverte par 

la végétation est modérée  (40% -60%) (>5m)

Mathys 2000, Hofstetter 

2015

Indice de gini
Indice de Gini pour la hauteur des 

arbres

Indice d'hétérogénéité des 

hauteurs
Les habitats hétérogènes sont favorisés

Mathys 2006, Zellweger 

2014, Schäublin 2011

Pourcentage de trouées de 

taille moyenne

Proportion de trouées larges de 

200m² à 1000m² (Hauteur <1m et la 

demi hauteur des arbres autour plus 

petite que la demi-largeur de la 

trouée)

Pourcentage de moyenne 

trouées

 Présence de trouées où la myrtille peut être 

présente (attention, les zones découvertes telle 

que les routes/prairies sont aussi mises en valeurs)

Mathys 2006, Aberg 2003, 

Zellwger 2014, Katjoch 2012, 

Montadert, Sachot 2003

Pourcentage de zones 

ouvertes

Proportion de trouées supérieures à 

1000m² (Hauteur <1m et la demi 

hauteur des arbres autour plus petite 

que la demi-largeur de la trouée)

Pourcentage de zones 

ouvertes
Défavorable pour l'espèce A.Depraz (pers. Com)

standard deviation de la 

proportion de conifères (Gha)

Proportion de conifères en surface 

terrière (parmi les arbres de diamètre 

> 17,5, données de l'ONF) (déviation 

standard)

Indice de l'hétérogénéité 

horizontale de la composition 

en essences de l'habitat

Préfère les habitat mixtes, avec présence de 

buissons, perches de sorbier et d'une futaie 

résineuse

Mathys 2006, Aberg 2003,  

Montadert (pers. Com)

 Proportion de conifères (Gha)

Proportion de conifères en surface 

terrière (parmi les arbres de diamètre 

> 17,5, données de l'ONF)

Indice de la composition en 

essences de l'habitat

Préfère les habitat mixtes, avec présence de 

buissons, perches de sorbier et d'une futaie 

résineuse

Mathys 2006, Aberg 2003,  

Montadert (pers. Com)

Standard déviation NDVI
Indice de la végétation par différence 

normalisée (déviation standard)

Indice de l'hétérogénéité 

horizontale de la composition 

en essences de l'habitat

Préfère les habitat mixtes, avec présence de 

buissons, perches de sorbier et d'une futaie 

résineuse

Mathys 2006, Aberg 2003,  

Montadert (pers. Com)

NDVI
Indice de la végétation par différence 

normalisée

Indice de la composition en 

essences de l'habitat

Préfère les habitat mixtes, avec présence de 

buissons, perches de sorbier et d'un futaie 

résineuse

Mathys 2006, Aberg 2003,  

Montadert (pers. Com)

Ratio de la surface des 

batiments

Surface totale des bâtiments sur la 

surface de chaque échelle
Activités humaines 

Défavorable pour l'espèce dans une certaine 

mesure
Räty 1979, Leclerq 1985

Distance aux routes 

principales
Distance aux principales routes Dérangement 

Défavorable pour l'espèce dans une certaine 

mesure
Räty 1979, Leclerq 198

Autres (Ain 

seulement)

Données satellite 

sentinel (Theia 

Cnes) (Jura 

seulement)

Données ONF 

placettes et 

LiDAR (Ain 

seulement)

Nuage de points

Orienté-objet
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2.5 Echelles spatiales 

Sept échelles spatiales ont été sélectionnées pour les modèles de la Gélinotte des bois (Tableau 

2). Les deux plus larges ont été sélectionnées pour représenter la surface potentielle d’un 

domaine vital. Trois échelles ont été sélectionnées pour représenter le niveau de la tâche 

d’habitat. Enfin, deux autres échelles représentent une évaluation de l’environnement au niveau 

du micro-habitat.  

Chaque variable a ainsi été calculée à nouveau à l’aide d’une fenêtre glissante (moyenne et 

déviation standard). Pour les zones de bordures, les valeurs réelles ont été répliquées là où il n’y 

en avait pas afin de limiter l’effet de bord. Cependant, cela part du principe que le milieu de 

chaque côté de la bordure est similaire. Une zone tampon de 25m a été appliquée par la suite 

afin de minimiser cet effet. La plus petite échelle (0.0625ha) représente les données brutes par 

pixel de 25*25m. Ainsi, pour cette échelle, les valeurs de déviation standard ne sont pas 

connues. 

Tableau 2: Les échelles sélectionnées pour les modèles de la Gélinotte des bois. 
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Figure 4 : Schéma du calcul des variables par fenêtres glissantes. 

 

2.6 Modélisation 

La méthode de modélisation utilisée est Maxent, réalisée à l’aide du package R Maxnet (Phillips 

et al. 2017). Cette méthode permet d’utiliser des données d’espèces appelées « présence 

uniquement », car elles ne contiennent pas de localisation où l’absence de l’espèce a été 

contrôlée. 10 000 points de fond ont été créés dans le but de donner au modèle des 

informations sur le paysage présent dans les zones prospectées. Ces points de fond ont été 

localisés le long des tracés de prospection, dans le but d’éviter un effet du biais 

d’échantillonnage sur les résultats du modèle.  

La corrélation entre les variables sélectionnées précédemment est évaluée 2 à 2, et lorsque la 

valeur est supérieure à 0.7, l’une des deux variables n’est pas conservée dans le modèle (à 

l’exception de la variable proportion de zones ouvertes). Ces variables sont ensuite normalisées 

par la formule suivante :  

Valeur pixel normalisée =
valeur pixel −  moyenne paysage

écart type paysage
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Biais d’échantillonnage 

Le biais d’échantillonnage est connu pour influencer les résultats des modèles de distributions 

d’espèces (Kramer‐Schadt et al. 2013; El-Gabbas et Dormann, 2017). En effet, si 

l’échantillonnage n’est pas systématique ou aléatoire une partie du paysage peut être 

prospectée de manière plus intense qu’une autre. C’est notamment le cas des données 

participatives où l’effort d’échantillonnage ne peut être contrôlé. Ainsi, si l’effet de ce biais n’est 

pas corrigé, le modèle estimera de bonne qualité les zones qui ont été favorisées par 

l’échantillonnage plutôt que les zones favorables à l’espèce. La difficulté est de réussir à estimer 

ce biais alors même que généralement les informations disponibles sont très réduites.  
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Pour chaque modèle, la valeur Area Under Curve (AUC) a été calculée. Cette valeur 

permet de comparer les performances des modèles entre elles. En effet, cette valeur est 

calculée en effectuant un test de prédiction du modèle sur une partie du jeu de donnée 

(présences et points de fond), et permet donc d’évaluer la capacité du modèle à prédire la 

qualité de l’habitat. De plus, pour tous les modèles, la contribution de chaque variable a été 

calculée, en additionnant les valeurs betas du modèle. Seules les variables avec une contribution 

supérieure à 0.05 sont présentées dans les résultats. Les courbes de réponses sont calculées en 

prédisant la qualité de l’habitat pour une large gamme de valeurs d’une variable, pendant que 

toutes les autres sont fixées à leur valeur moyenne.  

Plusieurs composantes ont été sélectionnées pour ces modèles. La première est la composante 

linéaire, qui permet de contraindre la réponse de l’espèce à une variable à une réponse linéaire. 

Cependant pour plus de réalisme, car les réponses des individus à leur environnement sont 

complexes, la composante quadratique a été aussi sélectionnée. De plus, une attention 

particulière a été apportée à l’introduction d’interactions entre deux variables grâce à la 

composante « produit ». En effet, en caractérisant le paysage par des variables distinctes, le lien 

qui existe entre elles disparait. Par exemple, la diversité du paysage peut être caractérisée par la 

variation du couvert forestier entre 20m et 30m. Cependant, toutes les zones où aucune 

canopée n’a été détecté, ne peuvent pas être forcément classée dans une même catégorie : 

jeune forêt, plantation, pâturages, végétation basse, zones urbaines peuvent constituer ces 

zones, rendant l’interprétation des résultats difficile. L’introduction d’une interaction entre la 

déviation standard du couvert de la canopée entre 20 et 30m et la variable pourcentage de 

zones ouvertes permet ainsi de faire la distinction lors de l’interprétation des résultats, entre les 

zones avec un couvert forestier, les zones sans couvert forestier que sont les pâturages ou 

clairières et les zones sans couvert forestier qui ne sont ni l’un ni l’autre. 
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2.7 Méthode de construction des modèles multi-échelles  

Dans l’optique de produire le meilleur modèle possible, la comparaison de modèles à différentes 

échelles a été faite dans chacune des zones d’études. De plus, deux méthodes ont été utilisées 

et comparées, celles-ci ont été décrites récemment par McGarigal et al. (2016). La première 

étape fût de créer des modèles à une seule échelle spatiale mais avec toutes les variables 

choisies récemment. Ces modèles seront appelés par la suite modèles à échelle-unique et 

variables multiples. La performance des modèles à ces différentes échelles a ensuite été 

comparée. Dans un second temps, l’élaboration d’un modèle mixte (multi-échelles et multi-

variables) a été faite. Pour cela, des modèles pour chaque échelle et chaque variable ont été 

créés individuellement. Pour chaque variable, l’échelle à laquelle le modèle montrait une 

meilleure performance a été conservée pour le modèle mixte final.  

  

L’Area Under Curve (AUC) 

Cette valeur située entre 0 et 1 est calculée en effectuant un test de prédiction du modèle sur 

une partie du jeu de donnée (présences et points de fond). Elle nous permet de savoir si le 

modèle prédit la qualité de l’habitat mieux que s’il le faisait de manière aléatoire (valeur de 0.5). 

Ainsi plus la valeur est proche de 1 plus la performance du modèle est grande.  
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Figure 5 : Schéma de la méthode de sélection du meilleur modèle à partir de différentes échelles 
d’étude (les numéros des modèles sont indicatifs et ne correspondent pas aux modèles délivrés). 
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3 Résultats 

3.1 Performance des modèles 

3.1.1 Modèles à échelle unique et variables multiples 

Les modèles de la zone d’étude de l’Ain montrent une meilleure performance que ceux réalisés 

dans la zone d’étude du Jura (Tableau 3). Dans la zone de l’Ain, le meilleur modèle a été observé 

pour une échelle de 15.8ha avec une valeur AUC de 0.75. En revanche, pour la zone du Jura, les 

échelles de 0.81 et 1.8 ha ont donnés de meilleurs résultats.   

Tableau 3 : Résultat AUC pour les modèles à échelle unique et variables multiples. 

 

3.1.2 Modèle à échelles multiples et variables multiples (mixte) 

Tout d’abord, des modèles à échelle et variable unique ont été réalisés (Tableau 4). Pour 

certaines variables, une échelle unique donne de meilleures performances, tandis que pour 

d’autres au contraire plusieurs échelles montrent la même performance. Dans ce cas, la plus 

petite échelle parmi celles qui ont montré les meilleures performances a été retenue. De plus on 

remarque que les échelles sélectionnées sont différentes suivant la zone d’étude.  

  

Echelle Zone d'étude AUC

0.0625ha 0.59

0.31ha 0.61

0.81ha 0.62

1.8ha 0.62

7ha 0.61

15.8ha 0.61

27.5ha 0.61

0.0625ha 0.67

0.31ha 0.68

0.81ha 0.7

1.8ha 0.7

7ha 0.74

15.8ha 0.75

27.5ha 0.72

JURA

AIN
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Tableau 4 : Valeurs d’AUC pour les modèles à échelle et variable uniques 
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Avec les variables sélectionnées pour chaque zone d’étude, deux modèles mixtes ont été réalisés 

(Tableau 5). Le modèle de la zone de l’Ain a une valeur AUC de 0.7 et celui de la zone du Jura de 

0.62.  

Tableau 5: Meilleures échelles sélectionnées pour les modèles mixtes. 

 

3.2 Contribution des variables 

La contribution des différentes variables aux modèles permet de savoir quels sont les éléments 

du paysage qui influence le plus la présence de la Gélinotte des bois. Ici, les résultats seront 

présentés en trois temps. Tout d’abord, les contributions de toutes les variables de chaque 

modèle seront présentées. Dans un second temps, on étudiera plus en détails les contributions 

des variables communes aux modèles. Enfin, la contribution des variables pour la plus petite 

échelle sera décrite (les modèles à l’échelle 0.0625ha sont composés de variables différentes). 

3.2.1 Contribution de toutes les variables 

On remarque que pour le modèle du Jura, les variables qui participent le plus au modèle sont le 

ratio pénétration moyen entre 2 et 5m, la moyenne du NDVI, le pourcentage moyen de zones 

ouvertes et la déviation standard de la densité de la canopée entre 20 et 30 m. Pour le modèle 

mixte en revanche les variables, pourcentage moyen de zones ouvertes, densité moyenne des 

Variable Ain  JURA

Grassland 0,31ha 7ha

NDVI NA 0,31ha

NDVIsd NA 0,31ha

Middle_gap 27,5ha 0,0625ha

Tree_gini 7ha 0,31ha

Tree_density10 0,31ha 27,5ha

Tree_densityinf10 0,31ha 0,81ha

Ratio0205sd 0,31ha 7ha

Ratio0205 1,8ha 0,81ha

Ratio0501sd 27,5ha 15,8ha

Canopy2030sd 0,81ha 0,31ha

Prop_resG 0,31ha NA

Prop_resGsd 0,31ha NA

Buildings 27,5ha NA

Road 0,0625ha NA
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arbres (>10m), la déviation standard entre 0.5 et 1 m. Pour les modèles de l’Ain on remarque 

que la variable distance aux routes principales contribue beaucoup aux modèles. À la plus large 

échelle et dans le modèle mixte, le ratio de la surface des bâtiments participe aussi dans une 

grande proportion aux modèles. 

Figure 6 : Contribution aux modèles de toutes les variables (attention pour l’Ain à l’échelle 7ha la 
proportion moyenne de conifère n’est pas incluse, de même pour l’échelle 27.5ha ou la moyenne et 

la déviation standard ont été enlevé (corrélation >0.7)) 

 

3.2.2 Contribution des variables communes 

Quand on compare la contribution des variables communes aux deux modèles, on remarque que 

quatre variables contribuent de façon importante aux modèles : le ratio pénétration moyen 

entre 2 et 5m, la densité moyenne des arbres (>10m), le pourcentage moyen de zones ouvertes 

et la déviation standard de la densité de la canopée entre 20 et 30 m. En revanche on observe 

que la densité des arbres entre 5 et 10 m, contribue aux modèles du Jura mais pas à seulement 

très peu ceux de l’Ain. Inversement, la variable Indice de Gini pour la hauteur des arbres 

contribue aux modèles de l’Ain mais pas à ceux du Jura (sauf pour le modèle mixte). 
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Figure 7 : Contribution aux modèles des variables communes aux modèles 

 

3.2.3 Contribution des variables à petite échelle 

Pour les modèles à petite échelle, on remarque que les variables qui contribuent le plus dans la 

zone du Jura sont la densité de la canopée entre 10-20m, le pourcentage de zones ouvertes et le 

ratio de pénétration entre 2 et 5m. Pour la zone de l’Ain, la variables distance aux routes 

participe le plus, suivit dans une moindre proportion du pourcentage de zones ouvertes et le 

ratio de pénétration entre 0.5 et 1m. 
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Figure 8 : Contribution des variables pour l’échelle 0.0625ha 

 

3.3 Courbes de réponses 

Les courbes de réponses aux variables qui contribuent le plus aux modèles décrits dans le 

paragraphe précédent ont été calculées (figure 9). Elles permettent de comprendre comment 

l’espèce répond aux différentes valeurs de chaque variables, et ainsi de savoir quelles sont les 

valeurs favorables ou non. Ces courbes de réponses sont présentées pour les sept échelles afin 

d’en observer l’effet sur la forme de la réponse. Les réponses possibles sont de deux types : 

linéaire ou quadratique. Associées aux courbes de réponses, les courbes de densité des valeurs 

présentes dans le paysage permettent de remettre dans le contexte les courbes de réponses. 

• Moyenne du ratio de pénétration 

Dans les deux zones d’études, le ratio de pénétration 2-5m présente la même forme de réponse 

avec des valeurs optimales autour de 0.3. Une valeur de 0 représente une couche cible sans 

végétation. Une grande valeur de ce ratio représente un cas ou la couche cible est plus dense 

que la somme des couches en dessous. Plus la valeur est grande plus la différence est forte. Les 

courbes de densités dans la zone d’étude de l’Ain montre deux pics de valeurs, l’un à 0 l’autre à 

0.18. En revanche, dans la zone d’étude du Jura, un seul pic est observé autour de 0.25. Il est 
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intéressant de remarquer que les réponses concordent dans les deux zones d’études pour cette 

variable qui justement décrit l’espace dans la zone de 2-5 m qui est importante pour la 

Gélinotte.  

• Déviation standard de la densité de la canopée 20-30 m 

En revanche, la réponse observée est différente dans chaque zone pour la déviation standard de 

la densité de la canopée 20-30 m. Dans la zone de l’Ain, les valeurs basses (zones peu 

hétérogènes) sont favorisées à petites échelles, mais les valeurs hautes sont plus favorables à 

large échelle. Dans la zone du Jura, les valeurs les plus favorables se trouvent pour une déviation 

standard de 0 (zone homogène pour la canopée) à toutes les échelles. On remarque en 

observant les courbes de densité que les paysages des deux zones d’études sont différents. Dans 

la zone de l’Ain, la plupart des valeurs sont entre 0 et 0.05, montrant la présence de zones très 

homogènes, mais des zones hétérogènes sont aussi présentes. Dans le Jura un deuxième pic est 

observé entre 0.05 et 0.1 montrant aussi la présence zones hétérogènes. 

• Moyenne de la densité des arbres supérieurs à 10 m 

Dans la zone d’étude de l’Ain la réponse de l’espèce à la densité des arbres (>10m) est différente 

suivant les échelles. A l’échelle de 0.31ha, la densité de 200 arbres par ha est favorable pour 

l’espèce. En revanche, à plus large échelle une densité de 0 à 100 arbres par ha est préférable. 

Dans le Jura, à petite échelle des densités d’arbres basses sont préférable (réponse linéaire), 

mais à large échelle une densité de 200 arbres par ha est montrée comme non favorable. On 

observe ici un effet des réponses quadratiques, qui pour les valeurs extrême hautes ou basses 

donneront souvent des prédictions extrêmes (faibles ou hautes) de par la forme même de la 

courbe. Quand ces observations sont remises dans un contexte global, on observe par exemple 

dans le Jura que le pic de densité se situe autour de 200 arbres par ha, laissant peu de valeurs 

extrêmes supérieures ou inférieures. A l’inverse dans l’Ain, un pic de densité 0 indique la 
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présence importante de zones sans forêt dans la zone d’étude. Le fait qu’à large échelle, ces 

zones ouvertes peuvent être prédites comme favorables est contre intuitif au vu des 

connaissances des préférences de l’espèce. Mais il ne faut pas oublier que les prédictions sont 

faites à partir des valeurs de plusieurs variables, dont la proportion de zones ouvertes. 

• Proportion moyenne des zones ouvertes  

Dans la zone d’étude de l’Ain, on observe clairement et à toute les échelles la même réponse, 

qui montre que les proportions de 0% d’espaces ouverts sont plus favorables. Dans la zone 

d’étude du Jura, une réponse linéaire à petite échelle montre des zones avec une proportion de 

zones ouvertes de 100% comme plus favorable. Cependant, les courbes de densités nous 

montrent que de telles zones ouvertes sont très peu présentes dans cette zone d’étude et de 

plus les prospections sont faites en zone forestière. Ainsi, une réponse positive à une faible 

proportion de trouée par rapport à des zones où la proportion est de 0% peut engendrer ce type 

de réponses linéaires en absence de données sur les zones ouvertes. En revanche à large échelle, 

on observe des réponses quadratiques avec une valeur moyenne favorable de 30% d’espaces 

ouverts (sauf pour l’échelle de 7ha).  

  



Annexes 

334 
 

Figure 9 : Courbes de réponses pour les deux zones d’études  
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Interprétation des cartes de prédiction 

Des cartes de prédictions ont été réalisées pour chaque modèle. Les cartes furent créées en 

utilisant le mode exponentiel de Maxent (figure 10). Les valeurs de chaque pixel représentent la 

valeur relative de la qualité de l’habitat par rapport à l’habitat présent dans le paysage. Ainsi, la 

comparaison des valeurs des pixels entre elles permet de hiérarchiser les habitats présents du 

meilleur au moins bon. Cependant, la meilleure valeur ne représente pas forcément la valeur du 

meilleur habitat de manière générale. Si dans le paysage, le meilleur habitat présent est un 

habitat de qualité moyenne du point de vue de l’espèce, il peut quand même avoir la valeur 

maximale parmi les prédictions du modèle. La valeur proposée en tant que telle est de plus 

dépendante du nombre d’observation et du nombre de point de fond donnés au modèle. Ainsi, 

une même valeur dans chacune des zones d’étude ne correspond pas à la même qualité de 

l’habitat. Il faut donc utiliser les résultats des deux zones d’études séparément.  

Figure 10: Cartes de prédiction des meilleurs modèles pour chacune des zones d’études. Pour le 
Jura les couleurs rose indiques les zones les moins favorables, tandis que pour la zone d’Ain ces 

zones sont montrées en rouge.  
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i. Comment les variables participent-elles aux valeurs prédites localement? 

Si l’étude de la contribution des variables et des courbes de réponses montre à l’échelle du 

modèle les effets des variables sur la distribution de la Gélinotte des bois, l’attribution d’une 

valeur de prédiction basse où haute peut être dû localement à l’effet d’une ou plusieurs 

variables. L’utilisation de « Local Interpretable Model-Agnostic Explanation » (LIME) permet pour 

des valeurs spécifiques de prédictions, de savoir quelles variables et dans quelle mesure elles 

ont contribué à cette valeur. C’est particulièrement intéressant pour comprendre l’attribution de 

valeurs prédites extrêmes. Ainsi, le package R LIME a été utilisé pour observer cet effet local des 

variables pour 20 valeurs prédites parmi les plus hautes (quantile 0.999) et plus basse (quantile 

0.001) du paysage. Dans la Figure 11 sont présentés les résultats obtenus pour 20 valeurs parmi 

les plus hautes à l’échelle de 0.0625ha dans la zone du Jura. Ainsi, on remarque que pour 

certaines valeurs (exemples des cas 2, 5, 9, 13), toutes les variables ont un effet positifs, 

expliquant ainsi la valeur haute de la prédiction. Dans d’autres cas (1, 3, 6, 7 par exemple), une 

ou deux variables ont un effet négatif, sans pour autant que la valeur prédite ne soit basse. Ainsi, 

les variables telles que le ratio de pénétration 2-5m, NDVI et la densité de la canopée entre 20 et 

30m ont une influence positive très forte si leur valeur locale est favorable. 

Au contraire, pour des valeurs prédites parmi les plus basses du paysage (figure 12), on observe 

dans tous les cas une contribution négative de ces mêmes variables expliquant ainsi la valeur 

basse de la prédiction.  Dans certains cas on observe une contribution positive de la valeur NDVI 

(cas 10, 14 et 15 par exemple), mais celle-ci ne compense pas une valeur non favorable des 

autres variables. 

Dans un deuxième exemple, le cas d’un modèle de l’Ain pour l’échelle de 27.5ha est étudié 

(figure 13). Pour 20 valeurs parmi les plus hautes, on remarque dans une grande majorité que 

toutes les variables participent positivement (Ratio de pénétration 2-5m, index de Gini de 

hauteur des arbres, standard déviation de la densité de la canopée). Cependant, on remarque 
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aussi le cas 10 ou seulement la valeur du ratio de pénétration 2-5m a une contribution positive. 

Cette contribution est suffisante pour attribuer une valeur de prédiction élevée alors que les 

autres variables participent négativement à la valeur de prédiction. On montre donc ici une 

limite du modèle qui peut attribuer des valeurs de prédiction proches mais qui dans les fait 

correspondent à un environnement local différent. 
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Figure 11 : 20 valeurs prédites parmi les 0.01% meilleures dans la zone du Jura (0.0625ha) 
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Figure 12: 20 valeurs prédites parmi les 0.01% plus mauvaise dans la zone du Jura (0.0625ha) 
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Figure 13 : 20 valeurs prédites parmi les 0.01% meilleures dans la zone de l’Ain (27.5ha) 
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3.4 Création de catégories pour les cartes de prédictions 

Dans le but de proposer des cartes de prédictions plus facilement interprétables, des cartes 

simplifiées ont été créées à partir des cartes de prédiction des modèles. Ainsi, les valeurs de 

prédictions ont été catégorisées en 6 classes définies par les valeurs seuil des quantiles 0.10, 

0.25, 0.50, 0.75, 0.90 (Figure 14, Tableau 6). De même que pour les valeurs de prédictions les 

catégories ne peuvent s’interpréter que dans le contexte définit de la zone d’étude. Ainsi, les 

valeurs de catégorie 1 dans la zone de l’Ain et la zone de Jura ne peuvent pas être comparées, 

chacune représentant les meilleures valeurs dans la zone d’étude uniquement. 

Tableau 6 : Catégories créées pour les cartes de prédiction 

Seuils des quantiles Catégorie Signification 

0-0,10 6 Les 10% des valeurs les plus basses du paysage 

0,1-0,25 5 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,1 

0,25-0,50 4 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,25 

0,50-0,75 3 
Les  15% de valeurs au-dessus de la valeur seuil au 

quantile 0,50 

0,75-0,90 2 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,75 

0,90-1 1 Les 10% des valeurs les plus hautes du paysage 
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Figure 14 : Exemple de catégorisation des prédictions pour une échelle de 0.31ha. 

 

3.5 Validation en forêt de Champfromier 

Le lien entre les résultats des modèles et la qualité de l’habitat à dire d’expert sur le terrain a été 

évaluée. Neuf placettes représentant les différentes catégories prédites par les modèles ont été 

sélectionnées et visitées en Forêt de Champfromier. Une bonne adéquation entre les valeurs des 

modèles a été observée. Ainsi, les placettes P3 et P17 classées en catégories 1 ou 2 par les 

modèles (échelles 0.0625ha, 0.31ha, 0.81ha) ont été catégorisées en habitat favorable A ou B 

par le protocole de classification des habitats de la Gélinotte du Groupe tétras Jura (Figure 15). 

En revanche, la placette P24 était, elle classifiée en catégorie 6 à la plus petite échelle mais en 1 

puis 2 aux plus larges échelles. La bonne qualité de l’habitat a été confirmée sur le terrain, 

montrant l’importance de la prise en compte des différentes échelles des modèles pour 

apprécier la qualité générale de l’habitat. En effet, la taille du pixel 25*25m peut d’une part 

chevaucher des patchs de bonne et mauvaise qualité, dégradant ainsi la note globale, qui sera 

mieux appréciée à plus large échelle. Il faut aussi tenir compte de l’imprécision du GPS sur le 

terrain qui ne nous permet pas de rejoindre avec une très grande précision la placette. La 

placette P14, localisée dans une zone forestière générale d’une qualité moyenne d’après le 

modèle, a été prédite en catégorie 4 à la plus petite échelle (Figure 15). Sur cette placette, un 
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envahissement par la régénération du hêtre à été observé, montrant clairement un habitat très 

défavorable pour l’espèce. Si ce résultat peut paraître étonnant, il prend du sens quand lorsque 

qu’on regarde les résultats des modèles dans leur globalité. En effet, en faisant des prédictions 

sur l’ensemble du territoire, les classes les plus mauvaises (6 et 5) sont en très grande majorité 

des milieux urbains, cultures et larges zones ouvertes. Il parait alors logique qu’un milieu 

forestier même dégradé soit en comparaison plus accueillant pour un individu, d’où l’attribution 

par le modèle d’une valeur moyenne pour l’habitat. Ainsi, pour le modèle de l’Ain, les valeurs 

des catégories de 4 à 6 représentent des habitats non favorables pour la Gélinotte des bois. Ces 

catégories, doivent encore une fois être évaluées séparément pour les modèles du Jura, en effet, 

comme les zones de forêt uniquement ont été survolées, les catégories les plus basses (6 et 5) 

pour ces modèles devraient représenter des zones forestières non favorables pour l’oiseau. 
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Figure 15 : Trois placettes visitées en forêt de Champfromier 
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Cette validation en forêt de Champfromier nous a aussi permis de constater une limite du 

modèle concernant la discrimination entre des zones ouvertes, les routes et les chemins 

forestiers. En effet, avec la définition mise en place pour la détection des objets trouées, les 

routes et chemin de par leurs longueurs ont des surfaces très grande, et entrent de ce fait dans 

la catégorie zones ouvertes. Ces zones ouvertes sont prédites défavorables par les modèles. 

Hors les chemins forestiers, en particulier ceux présentant une strate herbacées fournie, sont en 

réalité des habitats favorables pour les nichées. Ainsi, une attention particulière doit être portée 

sur ces zones lors de l’interprétation du modèle. 

4 Discussion 

Les modèles de distribution pour la Gélinotte des bois créés à l’aide de données LiDAR comme 

variables environnementales ont permis de produire des cartes à plusieurs échelles. Les cartes 

produites représentent la distribution potentielle de l’espèce, où l’habitat est favorable suivant 

les critères pris en compte dans le modèle. De nombreux autres processus tels que la capacité 

de dispersion, la dynamique des populations ou la compétition avec d’autres espèces peuvent 

restreindre dans la réalité la présence de population même dans des habitats de structure et 

composition favorables. Ces effets sont encore très peu pris en compte dans la réalisation de 

modèles de distribution d’espèces (Guisan and Thuiller 2005). Les plus petites échelles donnent 

des résultats détaillés sur la qualité relative de l’habitat. Il est cependant probable que la 

précision de ces modèles soit moins bonne que ceux à plus large échelle étant donné une 

diversité potentiellement plus importante localement. L’étude des variables contribuant à la 

valeur de prédiction montre d’ailleurs que des prédictions fortes peuvent être dues à 

l’association positive de plusieurs variables ou seulement d’une seule, décrivant donc des 

environnements différents. Les performances des modèles aux différentes échelles ont montré 

que les modèles mixtes ne sont pas plus performants. Cependant, les cartes produites prenant 



Annexes 

346 
 

en compte les variables à différentes échelles permettent d’associer des effets locaux 

(végétation) à des effets à plus larges échelles (perturbations, fragmentation) qu’il est 

intéressant de prendre en compte. Une autre limitation de ces modèles est la date de survol 

LiDAR, qui est déjà suffisamment ancienne pour la zone de l’Ain (2014) pour que des éléments 

de végétation aient changés (chablis, coupes, croissance et régénération de la végétation). La 

déclinaison des cartes en 6 catégories permet une interprétation plus facile des prédictions et 

ainsi de cibler de futures zones de prospection. Les cartes non-catégorisées peuvent être 

utilisées pour avoir une vision plus fine de la qualité de l’habitat dans une zone précise. 

Concernant l’interprétation des courbes de réponses, la limitation principale provient du fait que 

deux types de réponses peuvent être modélisés, linéaire et quadratique. Ceci a pour effet de 

rendre certaines interprétations non compatibles avec nos connaissances de l’écologie de 

l’espèce. Par exemple, des zones de densité d’arbres de 0 données favorables. Cependant, les 

prédictions finales proviennent des variations combinées des variables, ainsi la présence d’une 

variable pourcentage de milieu ouvert permet de compenser dans une certaine mesure des 

estimations mauvaises aux valeurs extrêmes des autres variables. Ainsi, les zones de pâtures et 

champs apparaissent bien comme peu favorables par rapport au milieu forestier pour la 

Gélinotte des bois dans les cartes de prédictions finales.  

La sélection initiale des variables ne couvre pas toutes les variations présentes dans l’habitat. En 

particulier le LiDAR ne donne que peu d’information sur les espèces végétales présentes dans le 

milieu en particulier pour le sous étage, ce qui pose un problème pour la caractérisation de 

l’habitat d’une espèce telle que la Gélinotte des bois. Ceci peut être amélioré avec l’ajout de 

données satellites qui associées au LiDAR peut permettre une meilleure caractérisation de la 

structure et la de composition des zones forestières (Bae et al. 2014).  

La validation sur le terrain a permis de confirmer la bonne performance des modèles pour 

prédire la qualité de l’habitat de la Gélinotte des bois dans le Jura. Une attention particulière 
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doit cependant être apportée lors de l’interprétation des cartes aux différences entre les zones 

d’études. 

La mise en place d’un nouveau protocole de prospection pour la Gélinotte permettra 

d’accumuler de nouvelles données sur l’espèce à la fois sur leur présence et leur absence, et 

dans le futur d’améliorer notre connaissance de la distribution de l’espèce dans le massif 

Jurassien. Ces données permettront aussi d’améliorer d’éventuelles futures modélisations de 

l’habitat de la Gélinotte des bois en mettant en lumière les limites des prédictions des modèles 

de distribution d’espèces par rapport à la diversité des habitats présents.  
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Note : Ce rapport constitue un résumé des travaux réalisés pendant la thèse (collaboration avec 

l’IRSTEA Grenoble LESSEM, encadrée par Björn Reineking et Jean-Matthieu Monnet et  financée par 

le conseil départemental de l’Ain). Il présente les différentes méthodes mise en œuvre et les 

résultats obtenus dans la réalisation des modèles spatiaux pour le Grand Tétras. Pour plus de détails 

concernant les divers aspects présentés ici, se référer aux chapitres et articles correspondant dans la 

thèse.  
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Documents associés :  

 

Cartes de prédictions au format raster pour deux zones d’études et deux saisons à différentes 

échelles.  

Les cartes de prédiction sont rangées dans le dossier 

« Projet_QGIS_cartes/DATA /GrandTetras / » puis saisons (hiver, été) et par sexe dans des sous-

dossiers séparés.  

Nom données de prédictions brutes :  

Cartesbrutes /Zoneétude _Sexe_ saison _echelle _exponential 

Nom données de prédictions catégorisées :  

Classes/Zoneétude_ Sexe_ saison_echelle 

Résumé des résultats des modèles par parcelles. 

Deux fichiers shapefiles contenant les données résumés par parcelles (échelle 0.0625ha). Ces 

données sont rangées dans le dossier « Projet_QGIS_cartes/DATA /Parcelles. 

• Parcelles_AIN_ete.shp 

• Parcelles_JURA_ete.shp 

• Parcelles_AIN_hiver.shp 

• Parcelles_JURA_hiver.shp 

Deux pages en ligne permettent de créer des graphiques pour visualiser la qualité des parcelles 

pour chaque commune en été. 

https://gladgtj.shinyapps.io/Parcelles_Jura/ 

https://gladgtj.shinyapps.io/Parcelles_Ain/  
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I. Introduction 

Dans le massif Jurassien, les populations de Grand Tétras sont en déclin. Cependant la distribution 

complète de l’espèce sur ce vaste territoire est aujourd’hui méconnue en particulier dans les zones 

de basse altitude (Bellon 2011). Le Groupe Tétras Jura, dans sa mission d’étude et de protection des 

galliformes de montagne présents dans le massif, souhaite cartographier les habitats pour le Grand 

Tétras dans le but de mener des actions pour sa protection. En effet, la mise en place de travaux 

forestier dans les zones aujourd’hui peu favorables à  l’espèce, notamment à cause de la 

régénération du hêtre, pourront dans le futur permettre à l’espèce de se maintenir et de recoloniser 

certains espaces du massif jurassien.  

Dans ce cadre, l’idée de développer des modèles de distribution d’espèces a été proposée. Un 

modèle de distribution d’espèces, aussi appelé modèle de niche est aujourd’hui communément 

utilisé en écologie et biologie de la conservation (Franklin 2009). Ces modèles permettent de relier 

les présences d’individus aux caractéristiques du paysage où ils ont été observés. Ainsi, ces modèles 

permettent de connaître la réponse de l’espèce pour chaque variable utilisée et de faire des 

prédictions pour des zones où les données sur l’espèce sont manquantes. On obtient alors une carte 

de prédiction qui montre les zones où l’habitat est favorable ou non à la persistance de l’espèce (Elith 

et al. 2011). De nombreuses étapes et données sont nécessaires pour construire un modèle de 

distribution d’espèces (Figure 1). 

Les caractéristiques du paysage peuvent être représentées par de nombreuses variables dans 

l’espace et le temps. Récemment, le développement des systèmes d’acquisition d’image, 

notamment satellite, a permis de couvrir des zones de plus en plus larges. Ces dernières années, 

de nombreuses études ont montré la pertinence de l’utilisation de la technique LiDAR pour 

extraire des variables d’environnement dans les milieux forestiers (Bae et al. 2014; Rechsteiner 

et al. 2017).  
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 Grâce au survol LiDAR des forets du massif (Jura, Doubs, Ain), des variables d’environnement 

permettant de connaître précisément la structure tridimensionnelle du couvert végétal ont été 

calculées pour les modèles de distribution d’espèces. Le calcul et le choix de ces variables n’est 

que la première étape de la méthode permettant de construire ces modèles.  

En tout, cinq étapes majeures et successives ont été nécessaires à l’élaboration des modèles 

(figure 1). Ces différentes étapes sont décrites en détails dans les sections: méthodes et 

résultats.  

Figure 1 : Les étapes de la création d’un modèle de distribution d’espèces. 
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LiDAR 

Le LIDAR (ou télédétection par laser) dont le nom provient de l’anglais LIght Detection And Ranging, 

est une technique qui permet grâce à l’émission d’une onde laser et à la réception de signaux de 

cette même onde réfléchis par les objets qu’elle rencontre, de calculer la distance entre l’appareil et 

l’objet. Cette distance est calculée à partir du temps écoulé entre l’émission et la réception du signal. 

L’appareil peut être utilisé au sol, mais il démontre surtout son avantage lorsqu’il est embarqué à 

bord d’un avion ou d’un hélicoptère. Dans ce cas, le laser est dirigé vers le sol ce qui permet de 

calculer la distance entre l’avion et les objets rencontrés par l’onde laser. Ainsi, en connaissant 

l’altitude du vol et la position de l’avion à la verticale de ce point grâce au système GPS, il est possible 

de connaitre la hauteur des objets (Maisons, arbres, buissons …) à la surface du sol. Ces acquisitions 

par avion, permettent à la fois de couvrir une très grande surface et d’avoir un nuage de points en 3 

dimensions (latitude, longitude et hauteur) très précis (résolution jusqu’à 15cm grâce à l’envoi de 10 

impulsions laser par m2).  

 

Mais le plus grand avantage d’utiliser une onde laser, c’est qu’elle peut pénétrer le couvert végétal. 

Ainsi, une impulsion peut en réalité renvoyer plusieurs signaux de retour : une première partie du 

faisceau laser est réfléchie par le feuillage mais le reste traverse et est ensuite réfléchi par l’objet 

situé au-dessous (une autre partie du feuillage, une branche, le tronc, un buisson, et même le sol). 

Ainsi, grâce à une seule émission, on peut recevoir jusqu’à 4 ou 5 signaux de retour. Cela permet 

d’avoir non seulement des informations sur la hauteur de la canopée mais aussi de produire dans 

une certaine mesure une cartographie des sous-bois et des reliefs du sol.  
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II. Méthodes 

1. Jeux de données des observations du Grand Tétras 

Les données des prospections d’hiver récoltées entre 2007 et 2018 par le Groupe Tétras Jura ont été 

utilisées. Les observations sont en majorité des indices de présence, localisés en utilisant un GPS. 

Quand cela était possible, le sexe a été assigné aux observations. Le tracé des prospections de 

chaque observateur a aussi été enregistré et permet de savoir très précisément quelles zones ont été 

prospectées (effort d’échantillonnage). Un total de 1484 localisations a été utilisé pour faire les 

modèles de distribution d’espèces (1105 dans le Jura et le Doubs dont 691 coqs et 414 poules  et 379 

dans le département de l’Ain dont 207 coqs et 172 poules). 

En été, les données utilisées proviennent de quelques prospections d’été et d’observations 

opportunistes communiquées au Groupe Tétras Jura. Pour garder une bonne précision des données, 

seules les observations prises avec un GPS ont été utilisées. Ainsi, 134 observations (53 poules et 51 

coqs) dans la zone du Jura et 150 observations (74 poules et 33 coqs) dans l’Ain ont été utilisées pour 

faire les modèles.  

2. Jeux de données LiDAR 

Les données LiDAR proviennent de deux campagnes différentes. La première s’est déroulée en 

automne 2014 et couvre 626km² du département de l’Ain. La seconde s’est déroulée en été 2016, et 

couvre les zones d’intérêts pour la Gélinotte du Jura et du Doubs (431km²). Il faut souligner ici que, 

en raison de plusieurs différences entre ces campagnes, des modèles seront proposé pour chaque 

zone séparément.  

Une deuxième différence entre les campagnes est le fait que la zone du département de l’Ain 

recouvre une surface continue tandis que la deuxième campagne cible les zones forestières. Ainsi, 

une attention particulière doit être accordée lors de l’interprétation des résultats du modèle aux 

variations présentes dans le paysage de chaque zone.  
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Pour la suite du rapport et pour des raisons pratiques, les modèles construits avec le LiDAR de la 

première campagne seront appelés « modèles de l’Ain », et ceux issus des données de la deuxième 

campagne « modèles du Jura ». 

Figure 2 : Les couvertures LiDAR des deux zones d’études du massif Jurassien 

 

3. Choix du type de variable à extraire 

Les variables LiDAR, communément utilisées jusqu’à aujourd’hui pour les modèles de distribution 

d’espèces, utilisent des statistiques résumant les caractéristiques du nuage de point sur une surface 

déterminée, qui sont parfois difficile à mettre en lien avec ce que l’on observe en forêt. Dans le cas 

du Grand Tétras, la compréhension des effets des variables sur l’espèce est nécessaire car cela 

permettra de mieux comprendre quels sont les conditions nécessaires à la présence de l’espèce et 

ainsi d’aider à la réalisation d’actions de conservation pour l’espèce. Ainsi, pour les modèles de 

distribution du Grand Tétras, des variables orienté-objet, représentant la densité des arbres ou la 

présence de trouées ont été calculées. De plus, pour certains modèles, l’estimation de la surface 

terrière a pu être ajoutée comme variable. 
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4. Calcul des variables LiDAR 

Les variables LiDAR ont été calculées grâce aux packages LidR (Roussel et Auty 2016) et LidarRtree 

(en développement par Jean-Matthieu Monnet) sur le logiciel R. Les métriques orientées-objet sont 

constituées d’éléments précis existant dans le paysage tels que les arbres ou les trouées. Ces objets 

sont extraits du nuage de point grâce à des caractéristiques définies à l’avance à une résolution de 

0.5m. Les arbres ont été extraits avec la méthode de détection des sommets. Les trouées ont été 

définies comme étant les zones d’une hauteur de canopée inférieur à 1m, entourées d’arbres 

mesurant moins de la moitié de sa largeur (Figure 3).  

Figure 3 : Illustration de la méthode utilisée pour la détection des trouées.  

 

Par la suite, la moyenne résumant les caractéristiques des objets a été calculée pour une surface de 

25m*25m (taille du pixel). Enfin à partir des objets arbre de la zone de l’Ain et grâce aux données des 

placettes permanentes de l’ONF (localisation des arbres sur chaque placette), la surface terrière a pu 

être estimée (Eysn et al. 2015).  
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Figure 4 : Illustration de la création d’une variable densité d’arbres (>20m) à partir des arbres 
détectés 

 

5. Sélection des variables  

Les variables ont été sélectionnées après une première étape de recherche bibliographique et de 

consultation experts. Elles ont été choisies afin de représenter les différents éléments du paysage 

potentiellement importants pour le Grand Tétras (Tableau 1). Les mêmes variables ont été utilisées 

pour les modèles hiver et été à l’exception de la distance aux pistes de ski. 

La densité du couvert est un élément essentiel pour cette espèce. En effet, une couverture de la 

canopée modérée  (30-81%) a souvent été déterminée comme étant favorable pour l’oiseau (Storch 

1993; Bollmann, Weibel, et Graf 2005; Hofstetter et al. 2015). Dans le but de prendre cet aspect en 

compte plusieurs variables ont été sélectionnées : la densité des arbres de hauteur de 5 à 10m, la 

densité des arbres de hauteur supérieure à 10m ainsi que la variable pourcentage de trouées de taille 

moyenne (200 à 1000m²).  
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Le Grand Tétras favorise un paysage hétérogène horizontalement, en particulier parce que des types 

d’habitat différents sont nécessaires au cours de l’année (Graf, Mathys, et Bollmann 2009). Pour 

étudier cet aspect, deux variables ont été retenues: la déviation standard de la proportion de petites 

trouées (25-200m²) et la déviation standard de la densité des arbres (>20m). 

Le Grand Tétras est aussi communément associé à des forêts bien structurées verticalement 

(Bollmann, Weibel, et Graf 2005; Graf et al. 2007). L’ajout d’une variable indice de Gini pour la 

hauteur des arbres a donc été décidé. Le Grand Tétras n’étant pas présent dans les milieux ouverts, 

la variable proportion de zones ouvertes a été ajoutée aux modèles.  

De plus, pour la zone de l’Ain, une variable utilisée souvent pour décrire les peuplements, la surface 

terrière, a été ajoutée à la place de la variable densité des arbres (>10m) qui est utilisée dans le Jura.  

Le dérangement par les activités humaines a été montré dans de nombreuses études. L’hiver est la 

période la plus critique pour les individus, et les activités de sport d’hiver influencent grandement la 

présence et impactent leur survie (Thiel et al. 2007, 2008). Ainsi, une variable distance aux pistes de 

ski a été ajoutée aux modèles d’hiver.  
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Tableau 1 : Variables sélectionnées 
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6. Echelles spatiales 

Sept échelles spatiales ont été sélectionnées pour les modèles du Grand Tétras (Tableau 2). Les trois 

plus larges ont été sélectionnées pour représenter la surface potentielle d’un domaine vital. Deux 

échelles ont été sélectionnées pour représenter le niveau de la tâche d’habitat. Enfin, deux autres 

échelles représentent une évaluation de l’environnement au niveau du micro-habitat.  

Chaque variable a ainsi été calculée à nouveau à l’aide d’une fenêtre glissante (moyenne et déviation 

standard (Figure 5). Pour les zones de bordures, les valeurs réelles ont été répliquées là où il n’y en 

avait pas afin de limiter l’effet de bord. Cependant, cela part du principe que le milieu de chaque côté 

de la bordure est similaire. Une zone tampon de 25m a été appliquée par la suite afin de minimiser 

cet effet. La plus petite échelle (0.0625ha) représente les données brutes par pixel de 25*25 m.  Ainsi 

pour cette échelle, les valeurs de déviation standard ne sont pas connues. 

Tableau 2: Les échelles sélectionnées pour les modèles du Grand Tétras. 

 

Figure 5 : Schéma du calcul des variables par fenêtres glissantes. 

 

Niveau Définition Echelles Objectifs

56ha

27,5ha

15,8ha

1,8ha

0,81ha

0,31ha

0,0625ha

Grand Tétras

Prendre en compte les 

différents habitats sur une 

échelle large

Identifier localement des 

zones favorables dans un 

objectif de gestion

Niveau de la tâche d'habitat

Niveau micro-habitat

Niveau domaine vital1

2

3
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7. Modélisation 

La méthode de modélisation utilisée est Maxent. Elle est réalisée à l’aide du package R Maxnet 

(Phillips et al. 2017). Cette méthode permet d’utiliser des données d’espèces appelées « présence 

uniquement », car elles ne contiennent pas de localisation où l’absence de l’espèce a été contrôlée. 

10 000 points de fond ont été créés dans le but de donner au modèle des informations sur le paysage 

présent dans les zones prospectées. Ces points de fond ont été localisés le long des tracés de 

prospection pour les modèles hiver, dans le but d’éviter un effet du biais 

d’échantillonnage sur les résultats du modèle. En revanche, n’ayant pas ce type de tracé 

pour les données été, l’effort d’échantillonnage a été estimé en combinant les observations 

Gélinotte des bois et Grand Tétras. Avec les informations sur la date de l’observation et le nom 

de l’observateur, un nombre de visite par pixel de 2km de côté a été calculé. Cette information a 

été ajouté comme variable dans les modèles été, combinée avec 10000 points de fond répartis 

aléatoirement. 

La corrélation entre les variables sélectionnées précédemment est évaluée 2 à 2, et lorsque la valeur 

est supérieure à 0.7, l’une des deux variables n’est pas conservée dans le modèle (à l’exception de la 

variable proportion de zones ouvertes). Ces variables sont ensuite normalisées par la formule 

suivante :  

Valeur pixel normalisée =
valeur pixel −  moyenne paysage

écart type paysage
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Biais d’échantillonnage 

Le biais d’échantillonnage est connu pour influencer les résultats des modèles de distributions 

d’espèces (Kramer‐Schadt et al. 2013; El-Gabbas et Dormann, 2017). En effet, si l’échantillonnage 

n’est pas systématique ou aléatoire une partie du paysage peut être prospectée de manière plus 

intense qu’une autre. C’est notamment le cas des données participatives où l’effort 

d’échantillonnage ne peut être contrôlé. Ainsi, si l’effet de ce biais n’est pas corrigé, le modèle 

estimera de bonne qualité les zones qui ont été favorisées par l’échantillonnage plutôt que les zones 

favorables à l’espèce. La difficulté est de réussir à estimer ce biais alors même que généralement les 

informations disponibles sont très réduites.  
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Pour chaque modèle, la valeur Area Under Curve (AUC) a été calculée. Cette valeur permet 

de comparer les performances des modèles entre elles. En effet, cette valeur est calculée en 

effectuant un test de prédiction du modèle sur une partie du jeu de donnée (présences et points de 

fond), et permet donc d’évaluer la capacité du modèle à prédire la qualité de l’habitat. De plus, pour 

tous les modèles, la contribution de chaque variable a été calculée, en additionnant les valeurs betas 

du modèle. Seules les variables avec une contribution supérieure à 0.05 sont présentées dans les 

résultats. Les courbes de réponses sont calculées en prédisant la qualité de l’habitat pour une large 

gamme de valeurs d’une variable, pendant que toutes les autres sont fixées à leur valeur moyenne.  

Plusieurs composantes ont été sélectionnées pour ces modèles. La première est la composante 

linéaire, qui permet de contraindre la réponse de l’espèce à une variable à une réponse linéaire. 

Cependant pour plus de réalisme, car les réponses des individus à leur environnement sont 

complexes, la composante quadratique a été aussi sélectionnée. De plus, une attention particulière a 

été apportée à l’introduction d’interactions entre deux variables grâce à la composante « produit ». 

En effet, en caractérisant le paysage par des variables distinctes, le lien qui existe entre elles 

disparait. Par exemple, la diversité du paysage peut être caractérisée par la variation du nombre 

d’arbres supérieurs à 20m de hauteur. Cependant, toutes les zones où aucun arbre supérieur à 20m 

n’a été détecté peuvent ne pas être forcément classées dans une même catégorie : jeune forêt, 

plantation, pâturages, végétation basse et zones urbaines peuvent constituer ces zones, rendant 

l’interprétation des résultats difficile. L’introduction d’une interaction entre la déviation standard de 

la densité d’arbre (>20m) et la variable pourcentage de zones ouvertes permet ainsi de faire la 

distinction lors de l’interprétation des résultats, entre les zones avec un couvert forestier, les zones 

sans couvert forestier que sont les pâturages ou clairières et les zones sans couvert forestier qui ne 

sont ni l’un ni l’autre. 
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8. Méthode de construction des modèles multi-échelles  

Dans l’optique de produire le meilleur modèle possible, la comparaison de modèles à différentes 

échelles a été faite dans chacune des zones d’études (Figure 6). De plus, deux méthodes ont été 

utilisées et comparées, celles-ci ont été décrites récemment par McGarigal et al. (2016). La première 

étape fût de créer des modèles à une seule échelle spatiale mais avec toutes les variables choisies 

récemment. Ces modèles seront appelés par la suite modèles à échelle-unique et variables multiples. 

La performance des modèles à ces différentes échelles a ensuite été comparée. Dans un second 

temps, l’élaboration d’un modèle mixte (multi-échelles et multi-variables) a été faite. Pour cela, des 

modèles pour chaque échelle et chaque variable ont été créés individuellement. Pour chaque 

variable, l’échelle à laquelle le modèle montrait une meilleure performance a été conservée pour le 

modèle mixte final.  

  

L’Area Under Curve (AUC) 

Cette valeur située entre 0 et 1 est calculée en effectuant un test de prédiction du modèle sur une 

partie du jeu de donnée (présences et points de fond). Elle nous permet de savoir si le modèle prédit 

la qualité de l’habitat mieux que s’il le faisait de manière aléatoire (valeur de 0.5). Ainsi plus la valeur 

est proche de 1 plus la performance du modèle est grande.  
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Figure 6 : Schéma de la méthode de sélection du meilleur modèle à partir de différentes échelles 
d’étude (les numéros des modèles sont indicatifs et ne correspondent pas aux modèles délivrés). 
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III. Résultats des modèles hiver 

1. Performance des modèles 

ii. Modèle à échelles unique et variable unique 

Tout d’abord, des modèles à échelle et variable unique ont été fait (Tableau 3). Pour certaines 

variables, une échelle unique donne de meilleures performances, tandis que pour d’autres au 

contraire plusieurs échelles montrent la même performance. Dans ce cas, la plus petite échelle parmi 

celles qui ont montré les meilleures performances a été choisie. De plus on remarque que les 

échelles sélectionnées sont différentes suivant la zone d’étude et le sexe.  

Tableau 3: Valeurs d’AUC pour les modèles à échelle et variable uniques 

 

 

iii. Modèles à échelle unique et variables multiples et modèles mixtes 

Les modèles de la zone d’étude de l’Ain montrent une meilleure performance que ceux réalisés dans 

la zone d’étude du Jura (Tableau 4). Les modèles pour les poules sont de même manière 

généralement moins performants que les modèles pour les coqs. Les modèles mixtes ont donné les 

Area Sex Scale Open area Tree_density20sd Middle_gap Tree_gini Tree_density10 Tree_densityinf10 small_gapsd

0.0625ha 0.54 NA 0.53 0.56 0.57 0.51 NA

0.31ha 0.56 0.56 0.55 0.59 0.59 0.51 0.59

0.81ha 0.57 0.61 0.56 0.6 0.6 0.53 0.62

1.8ha 0.58 0.63 0.57 0.61 0.61 0.55 0.67

15_8ha 0.56 0.65 0.62 0.62 0.58 0.59 0.69

27_5ha 0.52 0.65 0.63 0.63 0.58 0.59 0.68

56ha 0.49 0.64 0.63 0.63 0.58 0.59 0.68

0.0625ha 0.56 NA 0.53 0.61 0.57 0.56 NA

0.31ha 0.58 0.59 0.55 0.64 0.6 0.6 0.62

0.81ha 0.6 0.62 0.56 0.66 0.6 0.62 0.63

1.8ha 0.6 0.65 0.58 0.67 0.61 0.63 0.66

15_8ha 0.59 0.66 0.63 0.68 0.56 0.65 0.7

27_5ha 0.58 0.67 0.65 0.69 0.56 0.65 0.7

56ha 0.55 0.66 0.66 0.69 0.56 0.65 0.7

Female

Male

JURA

Area Sex Scale Open area Tree_density20sd Middle_gap Tree_gini Gha Tree_densityinf10 small_gapsd

0.0625ha 0.51 NA 0.53 0.59 0.5 0.55 NA

0.31ha 0.52 0.54 0.57 0.64 0.51 0.59 0.62

0.81ha 0.53 0.56 0.58 0.66 0.54 0.59 0.63

1.8ha 0.51 0.56 0.6 0.68 0.53 0.6 0.68

15_8ha 0.5 0.54 0.66 0.65 0.5 0.57 0.65

27_5ha 0.49 0.55 0.67 0.64 0.5 0.56 0.63

56ha 0.45 0.54 0.68 0.61 0.54 0.51 0.61

0.0625ha 0.48 NA 0.53 0.56 0.50 0.57 NA

0.31ha 0.53 0.57 0.52 0.63 0.53 0.64 0.61

0.81ha 0.53 0.58 0.48 0.64 0.51 0.65 0.65

1.8ha 0.51 0.61 0.53 0.65 0.51 0.67 0.66

15_8ha 0.52 0.64 0.64 0.65 0.51 0.68 0.67

27_5ha 0.53 0.66 0.66 0.64 0.51 0.67 0.66

56ha 0.56 0.63 0.63 0.58 0.53 0.62 0.61

Female

Male

AIN
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meilleures performances sauf pour les modèles pour les poules dans la zone du Jura où une échelle 

de 27.5ha donne une meilleure performance.  

Tableau 4 : Résultats des valeurs AUC pour les modèles  

 

2. Contribution des variables 

La contribution des différentes variables aux modèles permet de savoir quels sont les éléments du 

paysage qui influencent le plus la présence du Grand Tétras. Ici, les résultats seront présentés en 

deux temps. Tout d’abord, les contributions de toutes les variables de chaque modèle seront 

présentées. Dans un second temps, la contribution des variables pour la plus petite échelle sera 

décrite (les modèles à l’échelle 0.0625ha sont composés de variables différentes). 

i. Contribution de toutes les variables 

Dans les deux zones d’étude, la distance aux pistes de ski contribue à chaque échelle des modèles 

(Figure 7). Dans la zone de l’Ain, les variables indice de Gini, surface terrière, proportion de zones 

ouvertes et déviation standard de la densité d’arbres (>20m) sont importantes dans les modèles 

malgré des variations suivant les échelles. La déviation standard de la proportion de trouées (25-

200m²) contribue dans les modèles à petite échelle uniquement, pour les coqs et les poules. La 

densité des arbres (<10m) contribue aux modèles des poules mais contribue peu aux modèles pour 

les coqs. La proportion moyenne de trouées (200-1000 m²) contribue aux modèles aux échelles 0,81 

ha, 1,8 ha et 15,8 ha pour les deux sexes. Dans les modèles mixtes, les différentes variables sont plus 

homogènes. Des différences entre les modèles mixtes coqs et poules sont observés. En effet, la 

variable déviation standard de la proportion de trouées (25-200m²) contribue uniquement au modèle 

Female Male Female Male

0,0625ha 0,69 0,74 0,63 0,68

0,31ha 0,72 0,76 0,66 0,71

0,81ha 0,72 0,78 0,69 0,73

1,8ha 0,73 0,78 0,72 0,74

15,8ha 0,72 0,78 0,73 0,75

27,5ha 0,73 0,78 0,73 0,75

56ha 0,73 0,75 0,72 0,74

Mixte 0,75 0,79 0,74 0,77

Echelle
AIN JURA
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de poules, tandis que la variable proportion moyenne de trouées (200-1000 m²) contribue 

uniquement pour les modèles de coqs. 

Figure 7 : Contribution aux modèles des variables dans la zone de l’Ain 

 

Dans la zone d’étude du Jura (Figure 8), la proportion de zones ouvertes, la densité d’arbres (>10m) 

et la déviation standard de la proportion de trouées (25-200m²) contribuent le plus aux modèles des 

deux sexes. La variable indice de Gini contribue le plus pour les modèles de poules, mais contribue 

aussi aux modèles de coqs à l’échelle 0.31ha. La variable proportion moyenne de trouées (200-

1000m²) contribue uniquement pour les modèles de coqs.  
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Figure 8 Contributions des variables pour la zone du Jura. 

 

ii. Contribution des variables à petite échelle 

À la plus petite échelle (0.0625ha), dans la zone de l’Ain, la contribution des variables est similaire 

entre les sexes (Figure 9). La variable distance aux pistes de ski contribue le plus aux modèles, suivie 

de l’indice de Gini, la surface terrière et la proportion de zone ouvertes. 
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Figure 9: Contribution des variables à l’échelle 0.0625ha pour la zone de l’Ain 

 

 Dans la zone du Jura, la variable qui contribue le plus est aussi la distance aux pistes de ski avec un 

plus grand impact pour les modèles coqs (Figure 10). Elle est suivie de la proportion de zones 

ouvertes et de la densité d’arbres (>20m). Pour les modèles de coqs, l’indice de Gini ainsi que la 

densité d’arbres (>10m) contribue aux modèles tandis que la densité d’arbres (<10m), la proportion 

de trouées (25-200m²) et la densité d’arbre (>10m) contribuent aux modèles de poules. 
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Figure 10: Contribution des variables à l’échelle 0.0625ha dans la zone du Jura. 

 

3.  Courbes de réponses 

Les courbes de réponses aux variables qui contribuent le plus aux modèles décrits dans le paragraphe 

précédent ont été calculées (figure 10 et 12). Elles permettent de comprendre comment l’espèce 

répond aux différentes valeurs de chaque variable, et ainsi de savoir quelles sont les valeurs 

favorables ou non. Ces courbes de réponse sont présentées pour les sept échelles et pour les 

modèles mixtes afin d’en observer l’effet sur la forme de la réponse. Les réponses possibles sont de 

deux types : linéaires ou quadratiques. Les réponses observées sont très similaires entre coqs et 

poules à l’exception de deux variables : la déviation standard de la densité des arbres (>20m) et la 
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déviation standard de la proportion de trouée (25-200m²). Seules les réponses des cinq variables qui 

contribuent le plus aux modèles sont présentées. 

• Distances aux pistes de skis 

Les réponses sont similaires entre les échelles et montrent une distance optimale aux pistes de 1km. 

Ainsi, les zones éloignées des pistes de ski sont défavorables. Cela est dû à une forte association des 

domaines skiable à un environnement favorable pour le Grand Tétras (zone forestière en montagne 

de haute altitude). Plus on s’éloigne de ces conditions, moins l’habitat est favorable pour l’oiseau. La 

proximité avec les pistes de ski à un effet défavorable pour les individus du fait du dérangement 

occasionné.  

• Indice de Gini  

Aux trois plus larges échelles, l’indice de Gini avec une valeur de 0.15 ou plus sont favorables. Aux 

échelles plus petites, un optimum pour des valeurs autour de 0.2 est observé. Ceci indique qu’une 

certaine hétérogénéité de la hauteur de la végétation est nécessaire, en particulier à large échelle. 

Cela correspond à nos connaissances de l’oiseau qui favorise les milieux hétérogènes.  

• Surface terrière 

Les courbes de réponse de la variable surface terrière montre que des valeurs intermédiaires sont les 

plus favorables pour le Grand Tétras (entre 30 et 50 m²/ha).  A l’échelle de 0.0625ha, la réponse est 

différente et un plateau (valeurs favorables) est atteint à 50m².ha. Dans ce cas, les réponses sont 

concordantes entre les échelles, et montre que pour l’espèce, une surface terrière trop faible (qui 

caractérise des milieux plus ouverts) n’est pas favorable. De même, les zones très denses avec une 

surface terrière importante sont aussi défavorables. 

• Proportion de zones ouvertes 

Les courbes de réponses à la variable proportion de zones ouvertes, montrent qu’à large échelle, une 

proportion dans le paysage de 25% de zones ouvertes est le plus favorable. En revanche, cette 



Annexes 

379 
 

réponse forme un plateau pour les valeurs supérieures à 25%, prédisant de ce fait des habitats 

favorables pour le Grand Tétras pour les proportions de zones ouvertes très grandes. A plus petite 

échelle, les courbes de réponses montrent un habitat plus favorable pour de grandes proportions de 

zones ouvertes dans le paysage. Ici, les courbes de réponse montrent les limitations du modèle. En 

effet, si le fait qu’une absence totale de zones ouvertes caractérise des milieux non favorables aux 

oiseaux est plus en accord avec nos connaissances (zones de prés-bois, lisières favorables aux 

nichées), il est connu que les milieux totalement ouverts ne sont pas favorables pour le Grand Tétras. 

La limitation des réponses possibles restreintes aux seules linéaires et quadratiques, ne permet pas 

au modèle de proposer une réponse plus complexe qui serait plus proche de la réalité. De plus, à 

large échelle, la probabilité de présence de zones ouvertes dans l’habitat augmente du fait de la 

fragmentation des zones forestières en îlot distincts. Il faut cependant souligner ici que sur les cartes 

de prédiction finales, les zones ouvertes apparaissent bien comme défavorables, indiquant que 

d’autres variables permettent de compenser le manque de complexité des réponses individuelles. 
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Figure 11 : Courbes de réponse pour les poules dans la zone de l’Ain  
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Figure 12: Courbes de réponse pour les coqs dans la zone de l’Ain 
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Pour les modèles du Jura, les réponses sont différentes entre les sexes pour les variables proportion 

de zones ouvertes, densité d’arbres (>10m) et l’indice de Gini. 

• Distance aux pistes de ski 

Comme pour les modèles de l’Ain, une distance optimale de 1km est observée. 

• Proportion de zones ouvertes 

Pour les poules, de fortes proportions de zone ouvertes sont non-favorables à toutes les échelles. La 

même observation est faite pour les modèles de coqs pour les petites échelles uniquement. A large 

échelle, une proportion intermédiaire (25 à 60%) est prédite comme défavorable. Ici contrairement à 

la zone de l’Ain, on observe une réponse plus cohérente avec nos connaissances de l’espèce pour les 

poules. En revanche, la réponse observée pour les modèles coqs rejoint les observations de l’Ain. 

Dans le cas des modèles de la zone Jura, les zones ouvertes sont prédites comme défavorables sur les 

cartes de prédiction. 

• Déviation standard de la densité des arbres (>20m) 

Pour les modèles de poules, les plus hautes valeurs de déviation standard sont défavorables à petite 

échelle (réponse linéaire). Par contre, à large échelle, les valeurs moyennes sont les moins favorables 

(réponse quadratique). Au contraire, pour les coqs, des valeurs hautes de déviation standard sont 

défavorables à toutes les échelles. Une haute valeur de déviation standard indique qu’une densité 

hétérogène d’arbres supérieurs à 20m est favorable au Grand Tétras. La réponse à large échelle des 

modèles pour les poules ne correspond pas nos connaissances de l’importance d’une mosaïque 

d’habitat. La collection de plus de données sur l’habitat des poules en hiver pourrait permettre de 

corriger cette réponse, cependant la limitation du type de réponse possible sera toujours un élément 

important à prendre en compte. 

• Déviation standard de la proportion de trouées (25-200m²) 
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Les courbes de réponses montrent que les plus hautes valeurs sont les plus favorables à toutes les 

échelle et pour les deux sexes. Pour cette variable, les résultats sont clairs et montrent que, pour la 

zone du Jura, une mosaïque d’habitat est nécessaire. On peut supposer au vu de nos connaissances 

qu’une alternance entre les zones avec un couvert de canopée faible (grande proportion de trouées) 

et des zones de canopée plus dense est favorable pour l’espèce. 

IV.Résultats des modèles été 

4. Difficultés pour la zone du Jura 

Les modèles d’été créés pour la zone du Jura posent plusieurs difficultés. En effet, dans la première 

version du modèle utilisant les variables sélectionnées, ils favorisaient les zones de chablis 

aujourd’hui en phase de régénération et qui sont caractérisées par une forte densité d’arbre entre 5 

et 10m (réponse linéaire positive) (Figure 13). De plus, les zones ouvertes n’étaient pas prédites 

comme défavorables. Afin de pallier à ces problèmes, les variables proportion de zones ouvertes et 

densité d’arbres (<10m) ont été retirées des modèles. Malgré cela, les résultats restent peu 

satisfaisants pour cette zone, prédisant toujours, mais dans une moindre mesure, les zones de 

chablis comme étant favorables. Les résultats de ces modèles sont tout de même présentés ci-

dessous.  
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Figure 13 : Illustration du problème des zones de chablis 

 

5. Modèles performance  

iii. Modèles à échelles multiples et variables multiples (mixte) 

Dans la zone de l’Ain, toutes les variables ont été sélectionnées au niveau du domaine vital (larges 

échelles), à l’exception de la surface terrière (échelle 10.8ha). Dans la zone du Jura, seulement les 

variables déviation standard de la densité d’arbres (>20m), proportion de trouées (200-1000m²), 

l’indice de Gini et la densité d’arbre (>10m) sont sélectionnées au niveau domaine vital. Toutes les 

autres variables sont sélectionnées au niveau du patch d’habitat.  
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Tableaux 5 et 6 : Valeurs des AUC pour les modèles à variable et échelle unique 

 

 

iv. Modèles à échelle unique et variables multiples et modèles mixtes 

Pour les modèles de l’Ain, toutes les valeurs d’AUC montrent de bonnes performances (0.8 à 0.84) 

(Tableau 7). La meilleure performance a été observée pour le modèle mixte pour cette zone. Pour les 

modèles Jura, les performances sont moins bonnes (0.75 à 0.76) et trois modèles (27.5 ha, 56 ha et 

mixte) ont les plus hautes valeurs d’AUC. 

Table 7: Valeurs d’AUC pour les modèles été 

 

6. Contribution des variables 

Dans la zone de l’Ain, les variables surface terrière et proportion de zone ouverte contribuent le plus 

aux modèles. La déviation standard de la densité des arbres (>20m) contribue le plus à large échelle 

(Figure 14). La variable déviation standard de la proportion de trouées (25-200m²) est la variable qui 

Area Scale Open area SD Tree_density20
gaps (200-

1000m²)
Tree_gini Tree_density10 Tree_densityinf10

SD gaps 

(>1000m²)

0.0625ha 0.54 NA 0.47 0.57 0.48 0.59 NA

0.31ha 0.54 0.53 0.51 0.59 0.52 0.58 0.56

0.81ha 0.55 0.55 0.5 0.6 0.52 0.59 0.57

1.8ha 0.57 0.55 0.49 0.61 0.52 0.6 0.56

15_8ha 0.59 0.58 0.49 0.63 0.53 0.6 0.51

27_5ha 0.59 0.61 0.5 0.63 0.53 0.59 0.52

56ha 0.59 0.62 0.54 0.63 0.51 0.59 0.53

JURA

Area Scale Open area SD Tree_density20
gaps (200-

1000m²)
Tree_gini Gha Tree_densityinf10

SD gaps 

(>1000m²)

0.0625ha 0.58 NA 0.56 0.65 0.67 0.59 NA

0.31ha 0.59 0.6 0.59 0.69 0.69 0.62 0.67

0.81ha 0.58 0.66 0.63 0.7 0.71 0.64 0.7

1.8ha 0.6 0.69 0.63 0.71 0.72 0.65 0.73

15_8ha 0.63 0.74 0.66 0.73 0.71 0.66 0.75

27_5ha 0.63 0.74 0.66 0.73 0.71 0.65 0.76

56ha 0.65 0.7 0.65 0.72 0.7 0.64 0.73

AIN

Scale JURA AIN

0,0625ha 0,75 0,8

0,31ha 0,75 0,81

0,81ha 0,75 0,81

1,8ha 0,74 0,81

15,8ha 0,75 0,83

27,5ha 0,76 0,83

56ha 0,76 0,82

Mixte 0,76 0,84
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contribue le plus au modèle mixte. Cette variable contribue modérément aux modèles à petite 

échelle. La variable indice de Gini contribue aux modèles aux échelles 0.31 ha et 1.8 ha.  

Figure 14 Contribution des variables pour la zone de l’Ain. 

 

Dans la zone du Jura, les variables contribuant aux modèles diffèrent fortement entre les échelles 

(Figure 15). La variable déviation standard de la densité d’arbres (>20 m) participe à tous les 

modèles. La variable proportion de trouées (200-100 m²) participe aux modèles 0.81ha, 1.8ha et au 

modèle mixte. La déviation standard de la proportion de trouées (25-200 m²) et l’indice de Gini 

contribue à tous les modèles sauf à l’échelle de 1.8ha.  
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Figure 15 : Contribution des variables dans la zone du Jura pour les modèles été 

 

7. Courbes de réponse 

Les courbes de réponses sont similaires entre les échelles et le modèle mixte à l’exception des 

variables indice de Gini et déviation standard de la proportion de trouées (25-200m²) (Figures 16 et 

17).  

• Surface terrière 

La courbe de réponse montre que les valeurs entre 20 et 25m²/ha sont plus favorables, avec des 

valeurs plus petites pour les plus petites échelles. Ce sont des valeurs plus faibles que celle observées 

pour les modèles hiver de chaque sexe. En été, la fréquentation par les poules de zones plus 

ouvertes, avec la présence d’une strate herbacée pour l’élevage des jeunes, peut être à l’origine 

d’une préférence pour des surfaces terrières plus faibles en été. 

• Proportion de zones ouvertes 

Les plus grandes proportions de zones ouvertes sont prédites comme étant défavorables pour les 

petites échelles et le modèle mixte. Cependant, les valeurs de proportion faibles et hautes (>25%) 

sont prédites comme étant favorable aux trois plus larges échelles. Ici, la présence à petite échelle de 



Annexes 

388 
 

zones ouvertes est défavorable et rejoins nos connaissances sur le Grand Tétras. A plus large échelle, 

la réponse observée diffère et entre en contradiction avec nos connaissances. Comme 

précédemment, les limitations du modèle en termes de type de réponses peuvent engendrer des 

extrapolations aux valeurs extrêmes qui ne sont pas pertinentes.  

• Déviation standard de la densité des arbres (>20m).  

A petite échelle et pour le modèle mixte, les valeurs les hautes sont défavorables. En revanche, à 

large échelle, une réponse quadratique est observée avec des valeurs défavorables autour de 100.  

• Indice de Gini 

A petite échelle et pour le modèle mixte, un indice de Gini avec de hautes valeurs est prédit comme 

étant le plus favorable. En revanche, à large échelle une valeur entre 0.1 et 0.15 est le plus favorable. 

Cela rejoint nos observations des modèles d’hiver, où un habitat bien structuré est favorable pour 

l’espèce.
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Figure 16 : Courbes de réponse pour la zone de l’Ain 
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Les courbes de réponse des modèles de la zone Jura diffèrent entre les échelles pour de nombreuses variables.  

Figure 17 : Courbes de réponse pour la zone du Jura 
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• Déviation standard de la densité d’arbres (>20m) 

Pour cette variable, aux échelles 0.31 ha et 27.5 ha, les valeurs de fortes hétérogénéités sont 

défavorables. En revanche, pour les échelles 0.81 ha à 15.8 ha, les valeurs de déviation standard 

intermédiaire ont été prédites défavorables. Au contraire, pour l’échelle 56 ha et le modèle mixte, 

l’hétérogénéité moyenne est plus favorable (valeur autour de 50). 

• Proportion moyenne des trouées (200-1000m²) 

Les réponses des deux plus petites échelles sont linéaires et montrent qu’une forte proportion de 

trouées est défavorable.  Pour toutes les autres échelles et le modèle mixte, on observe une réponse 

quadratique, qui prédit un environnement défavorable pour des proportions de trouées de 10 à 20%. 

Les valeurs plus basses et plus hautes sont en revanche favorable en comparaison. 

• Déviation standard de la proportion de trouées (25-200m²) 

Dans le cas de cette variable, les réponses observées sont très différentes suivant les échelles. Ainsi, 

on observe à petite échelle (0.31ha) un optimum pour une valeur de 7. Le modèle à l’échelle 0.81ha 

et le modèle mixte montrent une réponse linéaire positive. Pour l’échelle 1.8ha, la réponse est 

monotone tandis que pour toutes les autres échelles, une réponse linéaire négative est observée. 

• Indice de Gini 

Pour l’indice de Gini, les réponses à petite échelle montrent que les plus hautes valeurs de cet indice 

sont favorables à l’espèce. En revanche, à large échelle, un optimum à une valeur de 0.2 est observé. 
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V. Interprétation des cartes de prédiction 

Des cartes de prédictions ont été réalisées pour chaque modèle. Ces cartes furent créées en utilisant 

le mode exponentiel de Maxent (figure 18). Les valeurs de chaque pixel représentent la valeur 

relative de la qualité de l’habitat par rapport à l’habitat présent dans le paysage. Ainsi, la 

comparaison des valeurs des pixels entre elles permet de hiérarchiser les habitats présents du 

meilleur au moins bon. Cependant, la meilleure valeur ne représente pas forcément la valeur du 

meilleur habitat de manière générale. Si dans le paysage, le meilleur habitat présent est un habitat 

de qualité moyenne du point de vue de l’espèce, il peut quand même avoir la valeur maximale parmi 

les prédictions du modèle. La valeur proposée en tant que telle est de plus dépendante du nombre 

d’observation et du nombre de point de fond donnés au modèle. Ainsi, une même valeur dans 

chacune des zones d’étude ne correspond pas à la même qualité de l’habitat. Il faut donc utiliser les 

résultats des deux zones d’études séparément.  

Pour les cartes des modèles hiver, on remarque que les modèles à petite échelle mettent en lumière 

la présence de patchs très favorable au Grand Tétras et d’autres au contraire défavorables (hors zone 

ouvertes). A plus large échelle, de larges zones favorables apparaissent au sein des massifs forestiers. 

Pour les modèles mixtes, les résultats dépendent beaucoup de l’échelle de sélection des variables. 

Ainsi, si de nombreuses variables sont sélectionnées à petite échelle, on retrouve une carte avec 

l’apparition de petits patchs dans la zone d’étude.  
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Figure 18: Cartes de prédiction à plusieurs échelles chacune des zones d’études des modèles hiver. 
Pour le Jura les couleurs roses indiquent les zones les moins favorables, tandis que pour la zone 

d’Ain ces zones sont montrées en rouge. 
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Quand on compare les résultats des modèles entre les poules et les coqs, on remarque tout d’abord 

que les mêmes zones sont prédites favorables pour les deux (Figure 19). Cependant, on remarque 

que ces patchs sont plus restreints pour le coq que pour la poule. Ainsi les poules sélectionnent des 

habitats similaires aux coqs mais fréquentent aussi d’autres types d’habitat moins favorable pour les 

mâles. 

Figure 19 : Comparaison entre les valeurs prédites pour les Coqs et les Poules à l’échelle 0.81 ha 
(Forêt de Champfromier, Ain) 

 

8. Comment les variables participent-elles aux valeurs prédites localement? 

Si l’étude de la contribution des variables et des courbes de réponses montre à l’échelle du modèle 

les effets des variables sur la distribution du Grand Tétras, l’attribution d’une valeur de prédiction 

basse où haute peut être dû localement à l’effet d’une ou plusieurs variables. L’utilisation de « Local 

Interpretable Model-Agnostic Explanation » (LIME) permet, pour des valeurs spécifiques de 

prédictions, de savoir quelles variables et dans quelle mesure elles ont contribué à cette valeur. C’est 

particulièrement intéressant pour comprendre l’attribution de valeurs prédites extrêmes. Ainsi, le 

package R LIME a été utilisé pour observer cet effet local des variables pour 20 valeurs prédites parmi 
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les plus hautes (quantile 0.999) et plus basse (quantile 0.001) du paysage. Dans la Figure 20, sont 

présentés les résultats obtenus pour 20 valeurs parmi les plus hautes à l’échelle de 0.31ha dans la 

zone du Jura. Ainsi, on remarque que pour certaines valeurs (exemples des cas 4, 6, 10, 11), toutes 

les variables ont un effet positif, expliquant ainsi la valeur haute de la prédiction. Dans d’autres cas 

(1, 5, 7, 8 par exemple), une ou deux variables ont un effet négatif, sans pour autant que la valeur 

prédite ne soit basse. Ainsi, les variables telles que la densité d’arbre (>10m), l’indice de Gini ou la 

proportion de zones ouvertes ont une influence positive très forte si leur valeur locale est favorable. 

Au contraire, pour des valeurs prédites parmi les plus basses du paysage (figure 21), on observe dans 

tous les cas une contribution négative de ces mêmes variables expliquant ainsi la valeur basse de la 

prédiction.  Dans certains cas on observe une contribution positive de la valeur de la proportion de 

zones ouvertes, de la densité d’arbre (<10m) ou de la déviation standard de la proportion de trouées 

(25-200m²) (cas 2, 8, 15 par exemple), mais celles-ci ne compensent pas une valeur non favorable des 

autres variables. 
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Figure 20 : 20 valeurs prédites parmi les 0.01% meilleures dans la zone du Jura (0.0625ha) 
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Figure 21: 20 valeurs prédites parmi les 0.01% plus mauvaise dans la zone du Jura (0.0625ha) 



Annexes 

398 
 

 

9. Création de catégories pour les cartes de prédictions 

Dans le but de proposer des cartes de prédictions plus facilement interprétables, des cartes 

simplifiées ont été créées à partir des cartes de prédiction des modèles. Ainsi, les valeurs de 

prédictions ont été catégorisées en 6 classes définies par les valeurs seuil des quantiles 0.10, 0.25, 

0.50, 0.75, 0.90 (Figure 22, Tableau 8). De même que pour les valeurs de prédictions, les catégories 

ne peuvent s’interpréter que dans le contexte définit de la zone d’étude. Ainsi, les valeurs de 

catégorie 1 dans la zone de l’Ain et la zone de Jura ne peuvent pas être comparées, chacune 

représentant les meilleures valeurs dans la zone d’étude uniquement. 

Tableau 8 : Catégories créées pour les cartes de prédiction 

Seuils des quantiles Catégorie Signification 

0-0,10 6 Les 10% des valeurs les plus basses du paysage 

0,1-0,25 5 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,1 

0,25-0,50 4 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,25 

0,50-0,75 3 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,50 

0,75-0,90 2 
Les 15% de valeurs au-dessus de la valeur seuil au 

quantile 0,75 

0,90-1 1 Les 10% des valeurs les plus hautes du paysage 
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Figure 22 : Exemple de catégorisation des prédictions pour une échelle de 0.31ha. 

 

10. Validation en forêt de Champfromier 

Le lien entre les résultats des modèles et la qualité de l’habitat à dire d’expert sur le terrain a été 

évalué. Neuf placettes représentant les différentes catégories prédites par les modèles ont été 

sélectionnées et visitées en Forêt de Champfromier. Une bonne adéquation entre les valeurs des 

modèles a été observée, malgré des modèles plutôt optimistes concernant les habitats d’été. Les 

placettes P11 et P12 sont classées par les modèles en 1 ou 2 suivant les échelles et le sexe. En suivant 

le protocole du Groupe Tétras Jura, une note de qualité de l’habitat de B a été attribuée à ces 

placettes, indiquant un habitat de bonne qualité. La placette P10 a été classée 1 à petite échelle pour 

les deux sexes (puis 3 et 2 aux plus larges échelles) et correspond bien à une note d’habitat de B pour 

l’hiver. En revanche, cette placette ne représente qu’un habitat de qualité C pour l’été 

principalement à cause d’une haute strate composée d’herbacées et de mégaphorbiaies. Les 

placettes 17 et 14 ont été classées par les modèles en 4 ou 3 suivant les échelles et le sexe. La note D 
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obtenue par ces placettes sur le terrain indique en effet une mauvaise qualité de l’habitat pour le 

Grand Tétras. La classification en catégorie 6 ou 5 est souvent observée pour les zones ouvertes et 

pâturages, ainsi les placettes sélectionnées à ces endroits n’ont pas été visitées. Ceci peut expliquer 

aussi, que des valeurs de classe 4 soit attribuées à des zones forestières défavorables, elles sont 

perçues comme plus favorable par le modèle que les zones ouvertes, obtenant ainsi une meilleure 

note. Ainsi, il semble raisonnable de considérer les catégories au-dessus de 4 comme défavorables 

pour l’espèce. Ceci a été confirmé par les placettes P3 et P8 classé en catégories 5 par le modèle et 

en qualité C sur le terrain. Nous avons aussi vu que la catégorie 1 représentant les meilleurs habitats 

semble comprendre des habitats de bonne qualité mais non optimaux. On peut supposer que la 

rareté des habitats optimaux pour l’espèce conduit à une classe des 10% des meilleures valeurs 

hétérogène. 

Pour les modèles été, la discrimination entre les zones de bonne et mauvaise qualité est plus difficile, 

car cette qualité dépend pour beaucoup de la composition de la strate au sol (herbacées, myrtilles 

…), qui sont difficilement détectables avec le LiDAR. Ainsi à l’exclusion des zones de chablis dont nous 

avons vu plus haut qu’elles posaient problème pour les modèles d’été, les catégories prédites sont 

similaires à celles prédites par le modèle hiver aux différentes placettes visitées. En particulier, la 

placette P10 identifiée comme étant un habitat de qualité B pour l’hiver mais C pour l’été, à cause 

d’une végétation au sol trop fournie, est classée en catégorie 1 par les deux modèles.  
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Figure 23 : Placettes visitées en forêt de Champfromier 
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Cette validation en forêt de Champfromier nous a aussi permis de constater une limite du modèle 

concernant la discrimination entre les zones ouvertes, les routes et les chemins forestiers. En effet, 

avec la définition mise en place pour la détection des objets trouées, les routes et chemin de par 

leurs longueurs ont des surfaces très grande, et entrent de ce fait dans la catégorie zones ouvertes. 

Ces zones ouvertes sont prédites défavorables par les modèles. Hors les chemins forestiers, en 

particulier ceux présentant une strate herbacées fournie, sont en réalité des habitats favorables pour 

les nichées. Ainsi, une attention particulière doit être portée sur ces zones lors de l’interprétation du 

modèle. 

11. Classer et prioriser les parcelles 

Pour chaque parcelle communale, le pourcentage de pixel appartenant à chaque catégorie (de 1 à 6) 

a été calculé pour les modèles été et hiver. Ensuite, les catégories de 1 à 3 ont été classées en bon 

habitat, et le pourcentage a été calculé sur chaque parcelle pour l’été et l’hiver (P_GT, P_Coq, 

P_Poule).  

En utilisant les modèle été uniquement, une note bonne, moyenne ou mauvaise a ensuite été 

attribuée à chaque parcelle (NOTE). Pour cela, le pourcentage de bon habitat (P_GT) a été extrait 

pour chacune des observations de Grand Tétras de la base de données. La moyenne et la déviation 

standard ont été calculées, donnant ainsi les limites de nos catégories : limite minimal = Moyenne-

déviation standard = 48% (été) ; 45% (hiver), Moyenne=66% (été) ; 68% (hiver) et limite maximal = 

Moyenne + déviation standard = 83% (été) ; 92% (hiver). Pour une commune, il est possible de 

visualiser où se situent ces parcelles par rapport au reste des parcelles forestières (Figure 24). 
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Figure 24 : Qualité d’habitat pour le Grand Tétras en été. En rouge les parcelles de la commune étudiée avec leur numéro et en bleu les parcelles de la 
zone d’étude. 



 

On voit par exemple pour la forêt communale de Giron que de nombreuses parcelles contiennent 

peu d’habitat favorable, mais qu’il existe aussi des parcelles très favorables (42 et 46). 

Deux pages en ligne permettent de choisir la commune désirée et ainsi obtenir le graphique:  

https://gladgtj.shinyapps.io/Parcelles_Jura/ 

https://gladgtj.shinyapps.io/Parcelles_Ain/  

Enfin une estimation des parcelles qui peuvent faire l’objet de travaux a été faite en utilisant deux 

méthodes. 

v. Méthode de distance simple 

Pour chaque parcelle, le nombre de parcelles adjacentes de bonne et moyenne a été calculés. 

Pour les parcelles en bordure, une note pour une surface tampon de 100m a été calculée. Si une 

parcelle de note mauvaise est adjacente à une bonne parcelle ou un bon buffer elle est classée 

comme priorité 1. Les parcelles entourées de mauvais habitat sont classées en priorité 2. Enfin 

les parcelles avec une note bonne ou moyenne sont classées en priorité 0. 

vi. Méthode utilisant la surface terrière (Ain seulement) 

Ici, la surface terrière moyenne et totale a été calculée.  Une surface terrière possible après une 

diminution de 1/3 de la surface totale a ensuite été calculée le but étant d’atteindre une surface 

terrière moyenne située entre 18m²/ha et 27m²/ha. 

• Priorité 0 : Habitat bon ou moyen 

• Priorité 1 : Parcelle proche d’un bon habitat (parcelle ou buffer) ayant déjà une surface 

terrière moyenne située entre 18m²/ha et 27m²/ha 

• Priorité 2 : Parcelle proche d’un bon habitat (parcelle ou buffer) ayant une surface terrière 

moyenne possible après coupe inférieure à 27m²/ha 

https://gladgtj.shinyapps.io/Parcelles_Jura/
https://gladgtj.shinyapps.io/Parcelles_Ain/
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• Priorité 3 : Parcelle loin d’un bon habitat (parcelle ou buffer) ayant déjà une surface terrière 

moyenne située entre 18m²/ha et 27m²/ha ou une surface terrière moyenne possible après 

coupe située inférieure à 27m²/ha 

• Priorité 4 : Parcelle loin d’un bon habitat (parcelle ou buffer) n’ayant pas une surface terrière 

moyenne située entre 18m²/ha et 27m²/ha ou ni une surface terrière moyenne possible 

après coupe située inférieure à 27m²/ha. 

Les parcelles ayant une valeur de surface terrière inférieure à 18m²/ha sont notés NA.  

Les résultats se présentent sous la forme d’un fichier shapefile avec la légende ci-dessous : 

ETE 

Légende Correspondance 

IIDNT_F Code commune 

LLIB_FR Nom commune 

CCOD_PR Numéro parcelle 

ID ID unique des parcelles 

GT Valeurs exponentielle moyenne 

Surfacepar Surface parcelle en m² 

P_GT Pourcentage de bon habitat été 

NOTE Note parcelle 

N_voisins Nombre de parcelles voisine 

N_bon Nombre de parcelles voisine de bonne qualité 

P_buffer Pourcentage de bon habitat pour le buffer de 100m 

notebuffer Note du buffer 

Priorite Priorité selon la distance 

Prob_hetre Probabilité moyenne de présence de régénération (Ain) 

ST_tot Surface terrière totale 

ST_moy Surface terrière moyenne 

St_poss Surface terrière possible après coup de 1/3 

PrioriteST Priorité selon la distance et la surface terrière 

Couv_hetre Pourcentage moyen de la couverture de régénération (Jura) 
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HIVER 

 

 

VI.Discussion 

Les modèles de distribution pour le Grand Tétras créés à l’aide de données LiDAR comme variables 

environnementales ont permis de produire des cartes à plusieurs échelles. Les cartes produites 

représentent la distribution potentielle de l’espèce, où l’habitat est favorable en suivant les variables 

prises en compte dans chaque modèle. De nombreux autres processus tels que la capacité de 

dispersion, la dynamique des populations ou la compétition avec d’autres espèces peuvent 

Légende Correspondance 

IIDNT_F Code commune 

LLIB_FR Nom commune 

CCOD_PR Numéro parcelle 

ID ID unique des parcelles 

Coq Valeurs exponentielle moyenne pour le Coq 

Poule Valeurs exponentielle moyenne poule la Poule 

Surfacepar Surface parcelle en m² 

P_Coq Pourcentage de bon habitat hiver pour le Coq 

NOTE_C Note parcelle pour le Coq 

N_voisins_C Nombre de parcelles voisine pour le Coq 

N_bon_C Nombre de parcelles voisine de bonne qualité pour le Coq 

P_buffer_C Pourcentage de bon habitat pour le buffer de 100m pour le Coq 

Notebuf_C Note du buffer pour le Coq 

Priorite_C Priorité selon la distance pour le Coq 

P_Poule Pourcentage de bon habitat hiver pour la Poule 

NOTE_P Note parcelle pour la Poule 

N_voisins_P Nombre de parcelles voisine pour  la Poule 

N_bon_P Nombre de parcelles voisine de bonne qualité  la Poule 

P_buffer_P Pourcentage de bon habitat pour le buffer de 100m  la Poule 

Notebuf_P Note du buffer pour  la Poule 

Priorite_P Priorité selon la distance pour  la Poule 

  

Prob_hetre Probabilité moyenne de présence de régénération (Ain) 

ST_tot Surface terrière totale 

ST_moy Surface terrière moyenne 

St_poss Surface terrière possible après coup de 1/3 

PrioriteST Priorité selon la distance et la surface terrière 

Couv_hetre Pourcentage moyen de la couverture de régénération (Jura) 
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restreindre dans la réalité la présence de population même dans des habitats de structure et 

composition favorable. Ces effets sont encore très peu pris en compte dans la réalisation de modèles 

de distribution d’espèces (Guisan et Thuiller 2005). Les plus petites échelles donnent des résultats 

détaillés sur la qualité relative de l’habitat, il est cependant probable que la précision de ces modèles 

soit moins bonne que ceux à plus large échelle due à une diversité potentiellement plus importante 

localement. L’étude des variables contribuant à la valeur de prédiction montre d’ailleurs que des 

prédictions fortes peuvent être dues à l’association positive de différentes variables, décrivant donc 

des environnements différents. Les performances des modèles aux différentes échelles ont montré 

que les modèles mixtes sont, dans le cas du Grand Tétras, plus performants. Cependant, les cartes 

des modèles mixtes présentent entre elles de larges différences, car l’aspect de la carte  dépend en 

grande partie des échelles sélectionnées pour construire le modèle. Les modèles d’été ont été créés 

avec peu de données par rapport aux modèles hiver. De plus, l’effort d’échantillonnage n’était pas 

connu, ce qui peut être à l’origine des difficultés observées dans la zone du Jura. La collection de plus 

de données en été pourra permettre d’améliorer les modèles. Une autre limitation de ces modèles 

est la date de survol LiDAR, qui est déjà suffisamment ancienne pour la zone de l’Ain (2014) pour que 

des éléments de végétation aient changés (chablis, coupes, croissance et régénération de la 

végétation).  

La déclinaison des cartes en 6 catégories permet une interprétation plus facile des prédictions et 

ainsi de cibler de futures zones de gestion. Les cartes non-catégorisées peuvent être utilisées pour 

avoir une vision plus fine de la qualité de l’habitat dans une zone précise. Concernant l’interprétation 

des courbes de réponses, la limitation principale provient du fait que deux types de réponses 

peuvent être modélisées, linéaire et quadratique. Ceci a pour effet de rendre certaines 

interprétations non compatibles avec nos connaissances de l’écologie de l’espèce, par exemple, des 

zones de densité d’arbres de 0 données favorables. Cependant, les prédictions finales proviennent 

des variations combinées des variables, ainsi la présence d’une variable pourcentage de milieu ouvert 

permet dans certains cas de  compenser des estimations mauvaises aux valeurs extrêmes des autres 

variables. Le cas des modèles d’été dans la zone du Jura montre aussi que de trop nombreuses 
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variables peuvent mener à un modèle peu réaliste quand on le compare à nos connaissances du 

terrain.  

La sélection initiale des variables ne couvre pas toutes les variations présentes dans l’habitat. En 

particulier le LiDAR ne donne que peu d’information sur les espèces végétales présentes dans le 

milieu. Ceci peut être amélioré avec l’ajout de données satellites qui, associées au LiDAR, peuvent 

permettre une meilleure caractérisation de la structure et la composition des zones forestières (Bae 

et al. 2014).  Une autre limitation concerne en particulier la détection du sous-étage qu’il est difficile 

de détecter sous la canopée et qui dépend beaucoup des caractéristiques de la campagne LiDAR 

(densité des points) ou de la saison (feuillus avec ou sans feuilles). Ceci pose un problème en 

particulier pour le Grand Tétras dont l’habitat se réduit dans le Jura avec une forte régénération des 

semis de hêtre. Ainsi, l’apport d’un modèle spécifique concernant le hêtre peut apporter de 

nouvelles informations sur la qualité de l’habitat.  
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Annex IX. Files produced 

• LiDAR metrics: All extracted LiDAR variables for both study area at each scales as raster files 

• Hazel Grouse predicted maps:  Predictions for all models and at each scale as raster files 

• Capercaillie predicted maps:  Predictions for all models and at each scale as raster files 

• Beech regeneration predicted maps: Predictions from the best models in the Jura study area 

as raster files 

• Communal plots: communal plots classification regarding Capercaillie habitat suitability as 

shapefiles 

• Interactive graphics by communal plots:  

➢ https://gladgtj.shinyapps.io/Parcelles_Ain/ 

➢ https://gladgtj.shinyapps.io/Parcelles_Jura/ 
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➢ Presentation of a poster at the IUFRO conference Landscape Ecology Conference September 

24-29 2017: “Remote Sensing contribution towards the understanding of ecosystem 

functioning and ecosystem accounting group”, Halle, Germany (September 2017) 

➢ The work was presented at the Séminaire Plan Départemental Tétraonidés on January 19th, 

2018.  

➢ Upcoming workshop “LIDAR et Tétraonidés”on October 16th, 2018, Relais Nordique de Giron. 

Annex XI. Outreach 

Article published in the Groupe Tétras Jura newsletter on the use of LiDAR for the Capercaillie and 

Hazel Grouse conservation (“Le LIDAR au secours du Grand-Tétras et de la Gélinotte des bois !”,  issue 

36, June 2016). 

https://gladgtj.shinyapps.io/Parcelles_Ain/
https://gladgtj.shinyapps.io/Parcelles_Jura/


 

 

 Abstract 

In the general context of biodiversity erosion, two forest bird species occurring in the French Jura massif, the Capercaillie 

(Tetrao urogallus) and the Hazel Grouse (Bonasa bonasia), are threatened by habitat loss and fragmentation at the 

regional scale. In particular, intensive beech regeneration patches extension in the Jura massif is leading to the 

transformation of the understory cover, once suitable with bilberry and herbaceous vegetation, to closed unfavorable 

habitat. The fate of those two emblematic species is depending for the first on future management actions and for the 

second on a better knowledge of the species population’s dynamics and occurrences. In particular, the cutting of the 

beech regeneration patches is one of the efficient management actions undertaken to restore the habitat. However, 

management actions and surveys are money and time consuming due to the large area that need to be covered. The 

opportunity to use two Light Detection and Ranging (LiDAR) datasets covering a major part of the distribution of the two 

species in the Jura massif initiated the phD project, with the objective to support managers in their decisions and actions 

by the creation of adapted distribution predicted maps using Species Distribution Models (SDMs) (Hazel Grouse, 

Capercaillie and beech regeneration). The realization of this objective is depending on the reliability of the models 

produced and on the capacity of the researcher to transfer the results to managers who are not familiar with modeling 

methods. In a first step, the choice of the appropriate modeling method regarding the datasets characteristics and the 

objectives was investigated (sampling bias correction, scales, and algorithms). In addition, the use of object-oriented 

LiDAR predictors (trees and gaps) pertinent from both species and managers point of view to facilitate the results 

transfer was tested. The results obtained were used to create appropriate multi-scale SDMs and to predict distribution 

maps for both target species, demonstrating the capacity of LiDAR to represent vegetation structures that influence the 

targeted forest bird species occurrences. Models at a fine scale were also created to map the beech regeneration 

distribution in the Jura massif. 

Keywords: Species Distribution Models, LiDAR, Capercaillie, Hazel Grouse, conservation, management. 

 Résumé 

Dans le contexte général de l’érosion de la biodiversité, deux espèces d’oiseaux forestiers, le Grand Tétras (Tetrao 

urogallus) et la Gélinotte des bois (Bonasa bonasia), présentes dans le massif Jurassien sont menacées par la perte et la 

fragmentation de leur habitat à l’échelle régionale. En particulier, dans le massif Jurassien l’extension progressive des 

tâches de régénération du hêtre induit la transformation du couvert végétal constitué de myrtilles et d’herbacées 

favorable en un habitat fermé défavorable. Le destin de ces deux espèces emblématiques dépend pour la première 

d’actions de gestions et pour la seconde d’une meilleure connaissance de la distribution et de la dynamique des 

populations. La coupe des zones de régénération fait partie des principales actions envisagées pour restaurer l’habitat 

forestier. Cependant ces actions de gestion ou de suivi des populations sont couteuses en temps et en argent. Ainsi, 

l’opportunité d’utiliser deux jeux de données LiDAR (Light Detection and Ranging) couvrant la majorité de l’aire de 

distribution des deux espèces dans le massif Jurassien a initié le projet de cartographie des habitats de chaque espèce et 

de la présence des tâches de régénération du hêtre en utilisant des modèles de distribution d’espèces (SDMs). L’objectif 

est de soutenir les gestionnaires dans leurs décisions et actions grâce à la production de prédictions spatiales adaptées. 

La réalisation de cet objectif dépend de la fiabilité des modèles produits, mais aussi de la bonne transmission des 

résultats par le chercheur aux gestionnaires qui ne sont pas familiers avec les méthodes utilisées. Dans un premier 

temps, le choix d’une méthode de modélisation appropriée (correction du biais d’échantillonnage, échelles, algorithmes) 

par rapport aux caractéristiques des jeux de données et aux objectifs a été évalué.  Dans un second temps, l’utilisation 

de variables environnementales LiDAR orienté-objet (arbres et trouées)  pour faciliter l’appropriation des résultats par 

les gestionnaires a été testée. Enfin, les résultats obtenus ont permis la création de modèles  multi-échelles et de carte 

de prédictions pour chacune des espèces démontrant la capacité du LIDAR de représenter la structure de la végétation 

qui influence la présence des espèces d’oiseaux forestières étudiées. Des modèles de distribution de la régénération du 

hêtre ont pu aussi être créés à une échelle fine. 

Mots-clefs : Modèles de Distribution d’espèces, LiDAR, Grand Tétras, Gélinotte des bois, conservation, gestion. 


