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Abstract 15 

Modeling biotope distributions is of paramount importance to monitor species habitats 16 

and guide conservation and restoration actions to decrease population extinction rates. 17 

However, modeling biotopes as independent landscape units, as is current practice, has 18 

some limitations. Vegetation communities that define biotopes evolve through different 19 

stages and associations until they reach an equilibrium. To consider these temporal 20 

dynamics, we developed a modeling approach based on potential natural vegetation 21 

(PNV) corresponding to ecological contexts supporting vegetation succession. The 22 
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assumption made is that modeling PNV better distinguishes biotope ecological niches, 23 

improving prediction accuracy. Results of the final prediction map were excellent, with 24 

an overall accuracy of 0.95 and a kappa coefficient of 0.91. The proposed method was 25 

also compared with a classic biotope model and our approach showed 29% mean 26 

improvement in accuracy. Our results produced a good distinction between the different 27 

ecological niches of potential natural vegetation. However, some areas of confusion 28 

were identified but these are mainly explained by imprecision and incompleteness of the 29 

reference biotope dataset and long-term human management. Using potential natural 30 

vegetation is therefore recommended for further studies on biotope mapping. 31 

Keywords: Potential natural vegetation, biotope, species distribution model, vegetation 32 

dynamics, vegetation communities 33 

 34 

1. Introduction 35 

 36 

The conservation and restoration of functional species habitat networks became a 37 

priority to tackle landscape fragmentation, one of the key factor of biodiversity loss (Hilty 38 

et al., 2020; IPBES, 2019; Resasco, 2019). This strategy implies the use of multiple 39 

information sources involving the recording and mapping of species of interest, 40 

vegetation, ecological conditions, land use, pressures, management, dispersal barriers 41 

and many more. One key source of information is vegetation mapping using the biotope 42 

concept. A biotope is a landscape unit characterized by specific environmental 43 

conditions and supporting a characteristic community of species. A species habitat is 44 
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considered as the set of biotopes it needs to complete its lifecycle (Forman, 1995; 45 

Löfvenhaft et al., 2002). Biotope level can therefore be considered as the finest unit of 46 

landscape management for conservation purpose.  Biotopes are commonly described by 47 

the vegetation species assemblages depending on more or less precise ecological 48 

conditions (Davies et al., 2004). Generally, these ecological conditions are defined by 49 

topography, hydrography, climate, soil type and human management, justifying that 50 

biotope units are significant landscape features. However, as biotope surveys require 51 

skilled teams that sometimes have to cover large territories (Lillesand et al., 2008), 52 

biotope mapping is therefore limited by time-consuming surveys, which restricts their 53 

capacity to be up-to-date in a land-use change context. To circumvent these technical 54 

limitations, biotope modeling using available environmental predictors and remote-55 

sensing data is increasingly being developed (Horvath et al., 2019; Maggini et al., 2006). 56 

This approach, derived from species distribution modeling (SDM), produces relatively 57 

accurate maps of the current or the potential distribution of biotopes when, taking into 58 

account land cover or not (Álvarez‐Martínez et al., 2018; Horvath et al., 2019). Current 59 

and potential biotope distributions are also strategic information to design ecological 60 

networks. Biotope restoration can then target areas to increase species habitat patches 61 

and limit fragmentation impacts to compensate habitat loss due to human activities 62 

(Jones et al., 2021). 63 

The interest and quality of biotope distribution modeling (BDM) is however limited 64 

because several biotopes can occupy similar ecological conditions (soil, climate and 65 

topography) during the vegetation successions. Indeed, plant communities 66 

characterizing biotopes evolve naturally from pioneer open biotopes to mature forest 67 
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biotopes reaching one or several stages of equilibrium called “climax” (Niering, 1987). 68 

Different types of successional patterns are possible with dynamics of natural or artificial 69 

disturbances that, for example, restart the process of succession, regressive dynamics, 70 

lock-in at certain stages, etc (Blasi et al., 2004; Rees et al., 2001; Woodward, 2009). 71 

BDM accuracy is thus disturbed by the competition between different biotopes belonging 72 

to the same succession in similar ecological conditions and the difficulty of having 73 

descriptive variables to discriminate the different stages. Some authors consider this 74 

issue by focusing only on climax stage biotopes (Horvath et al., 2019; Maggini et al., 75 

2006). The presence of some stages/biotopes of a vegetation succession is also 76 

impacted by human management that restricts them to less productive areas such as 77 

the steepest slopes or the most superficial soils (Hall, 1988). The observed relationship 78 

between some biotope distribution and environmental conditions, therefore, can only be 79 

one part of the potential biotope environmental niche. 80 

One pragmatic solution to consider temporal dynamics of ecosystems is to use the 81 

concept of “potential natural vegetation” (PNV). PNV concept was defined by Tuxen ( 82 

1956) as ‘the vegetation that would develop in a particular ecological zone or 83 

environment, assuming the conditions of flora and fauna to be natural, if the action of 84 

man on the vegetation mantle stopped and in the absence of substantial alteration in 85 

present climatic conditions’ (Gallizia Vuerich et al., 2001). By convention, PNV therefore 86 

refer to climax vegetation but it designs the ecological conditions necessary for the 87 

development of the main stages of the associated succession  (Loidi and Fernández-88 

González, 2012; Prach et al., 2016). The concept of PNV allows to define landscape 89 

units that share similar ecological contexts, regardless of the stage of natural vegetation 90 



 

 
  5 

 

succession (Leguédois et al., 2011; Stumpel and Kalkhoven, 1978). This concept was 91 

used in the past to classify landscapes to guide nature oriented sylviculture, 92 

conservation and landscape planning (De Keersmaeker et al., 2013). Such PNV maps 93 

can also be used as one of multiple approaches to determine the conservation status or 94 

naturalness of areas by measuring the difference between PNV and current land 95 

cover(Hemsing and Bryn, 2012) or to identify gaps and completion of networks of 96 

protected areas such as Natura 2000 (Bohn and Gollub, 2006). PNV mapping can be 97 

seen as an integrative approach that better considers vegetation dynamics, which is 98 

important for the design and connectivity of ecological networks and their management. 99 

It has the advantage of better delineating the maximum potential distribution of biotopes 100 

depending on the ecological context and therefore ensures network coherence. It also 101 

helps to guide the management of conservation and restoration actions based on 102 

natural disturbance to create a more heterogeneous landscape. 103 

However, the expected link between PNV typology and ecological conditions is well 104 

debated among experts (Chiarucci et al., 2010). Pioneer or intermediate biotopes are 105 

sometimes shared by different vegetation succession series. The dynamic drivers 106 

influencing a biotope to develop to a specific vegetation succession may be subtle 107 

variations in ecological factors and vegetation composition that are undetected in the 108 

field, the result of biological processes (competition and predation favoring certain 109 

species) or the impact of direct (management) or indirect (pollution, eutrophication, etc.) 110 

effects of present and past human activities. However, a lot of example of vegetation 111 

communities evolving to the expected climax exist thanks to a better understanding of 112 

these successions (Loidi and Fernández-González, 2012; Prach et al., 2016).  113 



 

 
  6 

 

The most important prerequisites to map PNV are therefore (Loidi and Fernández-114 

González, 2012): 115 

1. a PNV typology that is sufficiently validated with quite exclusive biotopes 116 

belonging to each PNV,  117 

2. a validated mapping of the different biotopes belonging to each PNV  118 

3. a precise mapping of ecological factors which are supposed to play an essential 119 

and proximal role in biotope distribution. 120 

PNV mapping also benefited from the development of distribution modeling approaches 121 

and multiple examples of PNV modeling exist (Reger et al., 2014; Somodi et al., 2017). 122 

Recent studies addressed different topics such as the best modeling approach 123 

(Hemsing and Bryn, 2012), the representation of multiple overlapping modeled PNV 124 

(Somodi et al., 2017), the definition of PNV (De Keersmaeker et al., 2013) or the 125 

modeling of numerous PNV at larger (Liu et al., 2009) and smaller scales (Longcore et 126 

al., 2018). When PNV and related vegetation communities are well identified, they are 127 

mainly based on national classification systems and models are calibrated on 128 

stable/climax forest or open areas stages reference data (Hemsing and Bryn, 2012). 129 

Building PNV based on species assemblage using floristic occurrence data is far more 130 

complex and raise many methodological questions (De Keersmaeker et al., 2013). The 131 

presence of characteristic species is highly dependent of natural sites condition and 132 

some PNV may not have any highly characteristic species (De Keersmaeker et al., 133 

2013). The integration of multiple PNV predictions into a single map allows to better 134 

apprehend such useful results but current aggregation method are complex (Somodi et 135 

al., 2017).  136 
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On the other hand, single biotope modeling – i.e., peat bogs, calcareous grasslands, 137 

moors, etc. – is still being applied (Horvath et al., 2019). In the literature, PNV concept 138 

seems to be a closed study field as many biotopes modeling study cases do not even 139 

mention PNV concept (Álvarez‐Martínez et al., 2018; Horvath et al., 2019).However and 140 

as mentioned earlier, modeling PNV present many advantages to produce accurate and 141 

useful prediction map of biotopes.  142 

In this paper, we propose a methodological framework which aims to be as most 143 

replicable as possible using biotope classification systems and mapping used in all 144 

European countries. In contrast to last PNV modeling applications using last stable 145 

forest stages, we suggest modeling PNV using multiples biotopes from the same 146 

vegetation succession to better cover the ecological niches of PNV in disturbed 147 

landscapes. Our methodological framework also proposes a simpler aggregation 148 

technique to deliver a unique map of all PNV considering also potential overlaps. We will 149 

also compare PNV modeling approach to individual biotope modeling and assess 150 

performance of both approaches. Finally, we also suggest an independent qualitative 151 

assessment of modeled PNV distributions using floristic occurrence data. 152 

2. Materials and methods 153 

2.1. Study area 154 

Wallonia is an administrative region covering southern Belgium (17 000 km2). It is 155 

characterized by a temperate climate with precipitation distributed throughout the year. 156 

However, the precipitation can double within the territory (from 800 to 1600 mm/year) 157 

and its rate increases with altitude. The summit of the region is a high peaty plateau that 158 

culminates at 694 m above sea level. The Walloon region can be split into six principal 159 
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parallel biogeographic zones that are well defined by a large gradient from recent to 160 

oldest geological substrates going from NW to SE. This explains a wide diversity of very 161 

different ecological contexts, ranging from boreo-alpine peatlands to Mediterranean 162 

limestone lawns less than 30 km away (Dufrêne and Legendre, 1991).  163 

2.2. Methodological framework 164 

The proposed approach was carried out in four steps: 165 

1. Biotopes developing in the same ecological context were identified and referred to 166 

one specific PNV by using historic and recent expert knowledge to maximize the 167 

difference between PNV ecological contexts. 168 

2. PNV distributions were individually modeled using environmental predictors 169 

including topographic information, soil conditions and climatic parameters.  170 

3. To obtain a unique typology for the territory, possible PNV prediction maps were 171 

used as predictors to produce a classification to test the potential presence of the 172 

different PNV. 173 

4. Finally, overlaps between individually modeled PNV distributions were identified. 174 

These mixed PNV areas allowed us to identify where the proposed classification is 175 

more uncertain. 176 

The general workflow of our method is summarized in Figure 1. 177 
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 178 

Figure 1. Schematization of the general workflow for the proposed approach with the 179 

different results. 1. Biotopes are attributed to defined PNV. 2. Individual PNV are 180 

modeled. 3.These individual predictions are used to produce a classification map. 4. 181 

Individual prediction maps are overlapped to identify potential areas with multiple PNV 182 

predicted.  183 

 184 

2.3. PNV construction 185 

The biotope classification and denominations used in this study are based on the EUNIS 186 

(European Nature Information System) classification for biotope types (Davies et al., 187 

2004). EUNIS is a hierarchical classification describing every biotope and habitat 188 

present in Europe, from natural to artificial, and covering terrestrial, freshwater and 189 

marine ecosystems. The EUNIS classification was adapted to Wallonia by the public 190 
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research agency in order to match regional variations (Dufrêne and Delescaille, 2005). 191 

Each biotope is characterized by a unique code.  192 

The PNV modeled in this study were identified to cover almost all ecological contexts of 193 

the region using phytosociological literature (Delescaille L.-M. et al., 2021) 194 

complemented by expert opinion. The region has historically hosted several famous 195 

authors working on phytosociology and vegetation successions, who precisely described 196 

the different vegetation stages, their dynamics and links with ecological contexts making 197 

expert opinion highly robust (Duvigneaud, 1949; Herbauts and Tanghe, 1987; Noirfalise, 198 

1984; Venseveren, 1969). Common and scarce biotopes were selected if there was 199 

sufficient data to model them and if they belong to only one vegetation succession. 200 

Some open biotopes such as sub-montane Vaccinium and Calluna heaths can evolve 201 

toward two different climax stages (medio-European acidophilous Fagus forests and 202 

medio-European thermophile acidophilous Quercus forests) and were therefore 203 

discarded. Biotopes corresponding to intensive agricultural practices or exotic tree 204 

plantations were also eliminated as they are not linked to a particular ecological 205 

condition. All biotopes and PNV assignations are compiled in Table 1. For further details, 206 

Appendix A presents all biotopes belonging to a PNV even if they are present in multiple 207 

PNV. 208 

Table 1. List of biotopes considered in this study and their related PNV. Biotopes are 209 

referred to by their EUNIS classification adapted to Wallonia and Habitats Directive 210 

classification (asterisks indicate habitat of priority European interest). PNV are sorted by 211 

a humidity gradient from marshy to xeric. 212 
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EUNIS 
Code 

Habitats 
Directive 
code 

Biotopes names Potential Natural Vegetation Code 

Area 
mapped in 
reference 
dataset 
(ha) 

D1.1 7110* Raised bogs 
Sphagnum Betula woods SB 485 

G1.51 91D0* Sphagnum Betula woods 

D5.21e  Beds of large Carex spp. 
Alnus swamp woods AS 229 

G1.4  Broad-leaved swamp woodland not on acid peat 

F4.11b 4010 Wet heathland with Vaccinium and Erica tetralix 

Quercus and Betula forests with 
Molinia  

QBM 1 510 
F4.13  Molinia caerulea wet heath 

G1.81 9190* Atlantic Quercus robur – Betula woods 

G1.911a 9190* Betula facies of Quercus robur forests 

F9.12 91E0* Lowland and collinear riverine Salix scrub 

Riparian and gallery woodland  RG 1 087 G1.1 91E0* 
Riparian and gallery woodland, with dominant 
Alnus, Betula, Populus or Salix 

G1.2 91E0*, 91F0 Mixed riparian floodplain and gallery woodland 

G1.A15a 9160 
Famennian Quercus – Carpinus betulus forests on 
schist  

Fammenian Quercus and 
Carpinus forests 

FQC 9 482 

G1.A1ba  
Atlantic neutrophile Quercus and Fraxinus 
forests on hydromorphic soils Neutrophile Quercus and 

Fraxinus forests on wet soils  
NQF 3 231 

G1.A1da 9160 
Sub-Atlantic neutrophile Quercus and Fraxinus 
forests on hydromorphic soils 

G1.A1aa  
Atlantic acidocline Quercus and Carpinus forests 
on hydromorphic soils Acidophilous Quercus and 

Carpinus forests on wet soils  
AQC 38 

G1.A1ca 9160 
Sub-Atlantic acidocline Quercus and Carpinus 
forests on hydromorphic soils 

G1.63 9130 Medio-European neutrophile Fagus forests 

Neutrophile Fagus forests NF 6 055 
G1.A1bb 9130 

Atlantic neutrophile Quercus and Fraxinus 
forests substitute to Fagus 

G1.A1db 9130 
Sub-Atlantic neutrophile Quercus and Fraxinus 
forests substitute to Fagus  

G1.A41b 9180* Acer and Ulmus Ardennes forests 

Wet and shady ravine forests WSR 640 
G1.A41a 9180* 

Acer and Tilia forests with Asplenium 
scolopendrium 

G1.61 9110 Medio-European acidophilous Fagus forests 

Acidophilous Fagus forests  AF 42 199 

G1.62 9120 Atlantic acidophilous Fagus forests 

G1.82 9120 Atlantic acidophilous Fagus – Quercus forests 

G1.87a  
Medio-European acidophilous non-thermophilic 
Quercus forests 

G1.A1ab 9120 
Atlantic  acidocline Quercus and Fraxinus forests 
substitute to Fagus  

G1.A1cb  
Sub-Atlantic acidocline Quercus and Fraxinus 
forests substitute to Betula 

E1.26 6210* Sub-Atlantic semi-dry calcareous grassland 

Calcareous Fagus and Quercus 
forests 

CFQ 2 443 

E1.27 6210* Sub-Atlantic very dry calcareous grassland 

G1.66 9150 Medio-European limestone Fagus forests 

G1.71  
Western Quercus pubescens woods and related 
communities 

G1.A17 9150 
Sub-Atlantic calciphile Quercus – Carpinus 
betulus forests 

G1.87b  
Medio-European thermophile acidophilous 
Quercus forests 

Thermophile acidophilous 
Quercus forests 

TAQ 67 

http://biodiversite.wallonie.be/fr/9160-chenaies-charmaies-ou-chenaies-frenaies.html?IDD=234881119&IDC=1872
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 213 

2.4. Environmental dataset 214 

Belgium has the particularity to be covered by a large diversity of environmental 215 

datasets at high resolution. For instance, the country is covered by a soil dataset with 216 

detailed information on soil structure, composition and humidity at a precise scale 217 

(1/10 000) (Bah et al., 2007). More modern tools like digital elevation models based on 218 

LIDAR (light detection and ranging) are also available at high resolution (1m). These 219 

precise environmental informations make it possible to better capture the relationship 220 

between environmental predictor and vegetation assemblages than it could be with 221 

generic and larger scale dataset such as Soilgrids (Poggio et al., 2021). 222 

The environmental variables used as predictors to model PNV distributions were split 223 

into three categories: climatic variables, soil dependent variables and topographic 224 

variables. 225 

Bioclimatic variables were extracted from high-resolution (1 km²) climate data derived 226 

from the downscaling of EURO-CORDEX regional climate model (RCM) datasets 227 

representing the historical climate between 1971 and 2005 and covering all Europe (De 228 

Troch et al., 2020). EURO-CORDEX RCM is considered as more spatially coherent at 229 

fine-scale than widely used models such as Worldclim or Climate-EU (Chakraborty et 230 

al., 2021). This dataset proposes a subset of best climatic predictor for species 231 

distribution modeling and integrate original interesting climatic variable such as annual 232 

mean potential evapotranspiration.  233 

G1.A15b  
Famennian xerophile Quercus – Carpinus betulus 
forests  

Xerophile Fammenian Quercus 
and Carpinus forests 

XFQC 133 
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Soil related variables were principally extracted from the digital soil map of Wallonia 234 

(Bah et al., 2007; “Carte Numérique des Sols de Wallonie - Série,” 2015). Different soil 235 

types (Calcareous, Podzol, Organic, Sandy, Alluvial and Source) were stored as binary 236 

variables. Natural soil drainage (Drainage), hydric level (Hydric_lvl) and trophic level 237 

(Trophic_lvl) were extracted as ordinal variables. Natural drainage was subdivided into 5 238 

ordinal classes directly derived from the soil –map (dry and very dry soils; moderately 239 

dry and wet soils; wet soils with temporary water table; very wet soils with temporary 240 

water table; very wet and peaty soils).  241 

Two variables were derived from a dataset created to guide sylvicultural practices (Petit 242 

S. et al., 2017). Hydric level (Hydric_lvl) is a variable evaluating the humidity level of a 243 

soil based on the combination of natural drainage, soil texture and topographic position. 244 

Trophic level (Trophic_lvl) is also a variable quantifying the amount of nutrients available 245 

to the plants based on a dichotomous key using soil characteristics. These cartographic 246 

data are available online in open access (“Forestimator,” 2021). 247 

 Soil texture (Sand and Silt) proportions present in the soil were not available on maps 248 

but from another data source by performing a convolution between texture information 249 

from the Walloon digital soil map and the kriging of more accurate and latest field 250 

observation points (D’Or Dimitri, 2021). These are continuous variables with the 251 

proportion of sand and silt measured at a 50 m resolution.  252 

Finally, topographic continuous variables included elevation (Elevation), slope 253 

percentage (Slope_prc), topographic position index calculated in a 200 m radius 254 

normalized from 0 to 100 (TPI) and the potential incident light energy in W/m² for the first 255 
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day of spring (SunSpring). These predictors are derived from 1m LIDAR acquisition 256 

resampled at 10m and produced for the study purpose (“Relief de la Wallonie - Modèle 257 

Numérique de Surface (MNS) 2013-2014 – Hillshade,” 2015). The radiative subsector 258 

(Radiative_SS) and the potential water intake (Water_int) are categorical variables 259 

constructed with dichotomous keys based on relative position, slope and exposure to 260 

guide sylvicultural practices (Petit S. et al., 2017). They are also available online in open 261 

access (“Forestimator,” 2021). 262 

Predictors used in this study have different resolutions ranging from 1km for climate data 263 

to 10 m for topographic ones. We chose to resample all predictors to 10m resolution to 264 

match the finest resolution as it is recommended by the literature as the better solution 265 

to perform accurate models (Moudrý et al., 2023).. 266 

Autocorrelation was tested to conserve independent variables for modeling. Elevation 267 

and all climatic variables except the annual variation of precipitation 268 

(AnnualVariationPrecipitation) showed a Pearson correlation coefficient higher than 0.7 269 

or lower than –0.7 and were considered to be strongly correlated (Ratner, 2009). But 270 

bioclimatic variables are considered of high biological significance influencing plant and 271 

species distribution (Bede-Fazekas and Somodi, 2020). They were summarized by 272 

using the two main principal component axes resulting from a principal component 273 

analysis (PCA) (Climatic_pca_1 and Climatic_pca_2) to limit correlation but keep the 274 

maximum amount of information (88% and 10% of explained variance). This use of 275 

multivariate analysis to create a composite predictor has already been used and give 276 

convincing results in species and ecosystem distribution modeling (Ejrnæs, 2000; 277 

Santos et al., 2020; Simensen et al., 2020). 278 
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Normality of each variable was tested, and values were transformed if necessary.  Slope 279 

percentage and annual variation of precipitation were transformed with a logarithmic 280 

function. In total, 19 environmental predictors were kept for modeling (Table 2).  281 

Table 2. List of environmental predictors used in this study and their descriptions.282 
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Predictor alias Description Unit Range Native 
Resolution 

Transformation Source 

Climatic_pca_1  First principal component axis coordinate of climatic 
predictors and elevation 

- -500 – 
709 

1000 m 
(climatic) – 
1 m 
(elevation) 

- (De troch et al., 2020) 

Climatic_pca_2 Second principal component axis coordinate of climatic 
predictors and elevation 

- -358 – 
336 

1000 m – 1 
m 
(elevation) 

- (De troch et al., 2020) 

AnnualVariationPrecipitation Mean annual variation of precipitation between 1971 and 
2005 

Millimeter 7-23 1000 m Log(x+1) (De troch et al., 2020) 

Calcareous The presence of calcareous soil - 0-1 75 m - (Bah et al., 2007) 

Podzol  The presence of podzolic soil - 0-1 75 m - (Bah et al., 2007) 

Organic The presence of organic (peaty) soil - 0-1 75 m - (Bah et al., 2007) 

Sandy The presence of sandy soil (very high proportion of sand) - 0-1 75 m - (Bah et al., 2007) 

Alluvial  The presence of alluvial soil - 0-1 75 m - (Bah et al., 2007) 

Source The presence of source related soil - 0-1 75 m - (Bah et al., 2007) 

Drainage Classes of natural soil drainage:  
Dry and very dry soils;  
Moderately dry and wet soils;  
Wet soils with temporary water table;  
Very wet soils with temporary water table;  
Very wet and peaty soils  

- 1-5 75 m - (Bah et al., 2007) 

Hydric_lvl Includes 10 categories of soil humidity from xeric to marshy 
soils + 3 categories of alternative water regime (moving 
water table)  

- 1-13 10 m - (Petit S. et al., 2017) 

Trophic_lvl Categories of trophic level from oligotrophic soils to 
carbonate soils 

- 1-6 10 m - (Petit S. et al., 2017) 

Sand Proportion of the sandy texture found in soil sample 
extrapolated with kriging 

- 0-0.88 50 m - (D’Or Dimitri, 2021) 

Silt Proportion of the silty texture found in soil sample 
extrapolated with kriging 

- 0-0.82 50 m - (D’Or Dimitri, 2021) 

Slope_prc The slope percentage  - 0-50 10 m Log(x+1) Created for the study 
purpose based on LIDAR 
data 

TPI Topographic position index. The relative position in terms of 
elevation of the pixel compared to other pixels in a 200 m 
radius  

- 0-100 10 m - Created for the study 
purpose based on LIDAR 
data 

SunSpring The potential incident light energy on the pixel for the first 
day of spring 

W/m²  16-
3434 

10 m - Created for the study 
purpose based on LIDAR 
data 
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 283 

Radiative_SS Categories of different radiative sub-sectors identified by 
slope and exposure: 1 = cold sub-sector (from 285° to 125° 
oriented slopes and valley bottom); 
2 = neutral sub-sector (plains, plateaus and gentle slopes); 
3 = hot sub-sector (from 125° to 285° oriented slopes) 

- 1-3 10 m - (Petit S. et al., 2017) 

Water_int Categories of water intake: 1= areas without lateral water 
inflows (convex plateaus and slopes); 
2 = areas with variable water inflows (bottom of slopes, 
flats, valleys and concave areas); 
3 = areas with permanent water inflows (areas connected 
to the hydrographic network, essentially alluvial areas) 

- 1-3 10 m - (Petit S. et al., 2017) 
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Areas not described in soil maps, i.e., urban areas, watercourses and parts of military 284 

domains, were not considered in the model. They appear as ‘no data’ on maps 285 

presented in this paper. 286 

2.5. Vegetation data 287 

As part of the implementation of the European Union Council Directive 92/43/EEC on 288 

the conservation of natural habitats and of wild fauna and flora (Loidi, 1999), detailed 289 

mapping of biotopes has been carried out by the different member states. Field biotope 290 

inventories realized in the Walloon region between 2005-2020 as part of the 291 

implementation of this directive were used as a reference dataset for PNV. Biotope limits 292 

were identified as polygons mapped at 1:10.000 and each of them is characterized by a 293 

EUNIS code. This field mapping is performed using dichotomous keys based on 294 

vegetation structure and species assemblage to identify EUNIS biotopes. Limits of 295 

biotopes are drawn using national geographic maps to differentiate open areas from 296 

forest and digital soil maps are used to refine limits identified on the field. Precise 297 

biotope mapping is not published and was provided directly by the public service in 298 

charge (SPW/DGARNE/DEMNA). As natural vegetation rarely follows tangible limits, the 299 

change from one biotope to another is not always a sharp edge but rather a continuous 300 

local gradient (Kuchler, 1973). Transitions and mosaics between biotopes can also be 301 

complicated and difficult to map. Field survey agents address this problem by identifying 302 

and mapping complexes of several biotopes which are intertwined (Dufrêne and 303 

Delescaille, 2007; Hearn et al., 2011). Those complexes may negatively affect a model’s 304 

accuracy by decreasing strong differences between ecological conditions of biotopes, 305 

and were therefore discarded (Horvath et al., 2019). We therefore only selected 306 
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polygons containing a unique EUNIS code that could be linked to a PNV (following 307 

Table 1), covering 65 599 ha. 308 

To limit the imprecision of biotope and ecological variable mapping, we shrank biotope 309 

polygons greater than 1 ha corresponding to more widespread PNV with a 20 m inner 310 

buffer. Fammenian Quercus and Carpinus forests, neutrophile Fagus forests, 311 

acidophilous Fagus forests and calcareous Fagus and Quercus forests are the most 312 

widespread biotopes in Wallonia (Delescaille L.-M. et al., 2021). The area covered by 313 

theses PNV potentially affected by errors and polygon limit inaccuracies is not negligible 314 

compared to scarcer biotope areas which are more typical of extreme ecological 315 

conditions. The rarest biotopes have been subject to more precise mapping because 316 

nearly all are biotopes of community interest (sensu the European Habitat Directive 317 

defining aims of Natura 2000 network) (Loidi, 1999). They are also easily delineable on 318 

the ground. This step of shrinking the most widespread biotopes improved the quality of 319 

scarcer biotope models.  320 

Modified biotope polygons were then used to link each PNV to every cell of the 321 

environmental predictor raster stack that falls into them. To reduce the spatial 322 

autocorrelation effect, we applied a random spatial sampling to select a maximum of 323 

50 pixels per km² for each PNV. That reduced the dataset to approximately 200 000 324 

rows (5% of the complete dataset). This sampling helped to initially balance the 325 

distribution of PNV occurrences by limiting those dominating the landscape. The 326 

evolution of PNV areas following the different sampling steps is available in Appendix B. 327 
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2.6. Individual PNV modeling 328 

A first modeling step was performed for each PNV with presence/absence data. The 329 

presence of a PNV was attributed to each pixel where an EUNIS habitat associated to 330 

the PNV have been mapped on the field. All other EUNIS habitat associated to other 331 

PNV were considered as absence (Horvath et al., 2019; Maggini et al., 2006). We could 332 

have used presence only models such as Maxent (Álvarez‐Martínez et al., 2018) but the 333 

way PNV were defined with unambiguous biotopes related to specific ecological context 334 

made it possible to perform robust presence/absence models. 335 

Models were calibrated through a Random Forest algorithm using the randomForest R 336 

package (Breiman, 2001). Random forest algorithm is recognized for its accuracy and its 337 

computational efficiency. It can easily handle small sample size and high dimension 338 

models which make it perfect to model scarce PNV (Biau and Scornet, 2016). Random 339 

forest is also known to be less sensitive to overfitting when calibrated with large sample 340 

size which is interesting in our case for common PNV (Belgiu and Drăguţ, 2016). Finally, 341 

Random forest performs for both regression and classification that make it versatile 342 

enough for our methodological framework achieving individual modeling and global 343 

classification without complexifying the method (Biau and Scornet, 2016).  344 

The model was calibrated using 70% of the selected presence/absence dataset. On this 345 

calibration dataset, a SMOTE (synthetic minority oversampling technique) algorithm was 346 

applied to balance presence/absence frequency without losing too much information 347 

(Chawla et al., 2002). The SMOTE algorithm decreases dominant class (generally 348 

absences) and artificially increases the minority class (generally presences). Before 349 

modeling, a variable selection was performed on the calibration dataset using VSURF 350 
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(Variable Selection Using Random Forest) (Genuer et al., 2015). All variables selected 351 

at the prediction step of the VSURF algorithm were kept for modeling. Random Forest 352 

model tuning focused on the mtry argument – i.e., the number of variables randomly 353 

sampled as candidates at each split – as it is considered to be the most influential 354 

parameter (Probst et al., 2019). Multiple tests were performed to choose the best mtry 355 

value giving low error and less computational time. These tests resulted in the use of the 356 

square root of the number of variables kept after selection, which corresponds to what is 357 

found in the literature (Probst et al., 2019).  358 

Model results were first validated using the 30% remaining test set. The area under the 359 

curve (AUC) was used to evaluate model robustness using this test set. A second 360 

validation was performed on the 95% dataset discarded by spatial sampling to measure 361 

the accuracy of predictive maps. Different accuracy metrics were calculated in order to 362 

compare predictive maps and assess their adequacy: the overall accuracy (OA), the 363 

producer accuracy (PA) and the user accuracy (UA). OA is the proportion of well-364 

classified pixels (presence and absence) compared to the total number of pixels used 365 

for validation. PA is the proportion of correctly classified reference pixels compared to 366 

the total number of reference pixel that represent the point of view of the cartographer 367 

evaluating the model prediction. UA is the proportion of well-classified presence pixels 368 

compared to the total number of predicted presences. This evaluates the model 369 

performance to predict PNV presence from the point of view of the map user. For these 370 

threshold-dependent metrics (OA, PA and UA), the threshold maximizing the F-score 371 

was used to transform model probability to presence/absence. The F-score is the 372 

harmonic mean of the receiver operating characteristic (ROC) curve. The five most 373 
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important environmental predictors for the Random Forest model and their importance 374 

for the model were also identified based on the Gini index (Aldrich, 2020). 375 

2.7. Dominant PNV classification 376 

A second modeling step was performed using results of each PNV prediction as an input 377 

for a new Random Forest classification to produce a unique classification map of PNV. 378 

Results of specific PNV probabilities cannot be compared to identify what the dominant 379 

PNV is for a pixel. Specific PNV probabilities are average results from multiple specific 380 

classification trees with specific distributions of values. However, they can be used as 381 

variables for a new classification that will identify the most likely PNV for each pixel 382 

based on PNV probabilities. 383 

The SMOTE algorithm can only be performed on a two-class dataset. To balance the 384 

different PNV frequencies before modeling, we decided to weight PNV classes as this is 385 

the recommended approach to balance a dataset for Random Forest classification of 386 

more than two classes while keeping all the information (Chen and Breiman, 2004). We 387 

weighted PNV classes according to their prevalence by applying Equation1 to each 388 

class: 389 

Equation 1.  390 

 391 

𝑊𝑒𝑖𝑔ℎ𝑡 = (1 − 𝑓𝑟𝑒𝑞𝑐𝑙𝑎𝑠𝑠)2 392 

Where 𝑓𝑟𝑒𝑞𝑐𝑙𝑎𝑠𝑠 is the proportion of the class – i.e., the PNV. 393 
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This helped to give more weight to less-represented PNV. For instance, the weight of 394 

the rare xerophile Fammenian Quercus and Carpinus forests is 0.99 while the weight of 395 

the common acidophilous Fagus forests is 0.53. The same OA, PA and UA metrics used 396 

for the specific PNV modeling were calculated. We also calculated the Cohen’s kappa 397 

coefficient that measures the global accuracy of a classification comparing the 398 

proportion of well-classified pixels to the total number of pixels compared to a random 399 

classifier. To interpret Cohen’s kappa coefficient results, we used the classification 400 

proposed by Landis and Koch (1977) that consider a kappa value below 0.2 as slight, 401 

between 0.21 and 0.40 as fair, between 0.41 and 0.60 as moderate, between 0.61 and 402 

0.80 as substantially good and above 0.81 as an almost perfect classifier. 403 

2.8. Identification of areas with mixed PNV 404 

As previously explained, biotope distributions do not follow tangible and exclusive limits. 405 

In the field, gradients and complexes of multiple biotopes are common where biotope 406 

environmental niches overlap. Dominant PNV classification attributes to each pixel the 407 

dominant PNV even in less ecologically specific areas where multiple PNV could 408 

overlap. In order to get closer to reality and identify less certain classified areas, we 409 

chose to identify areas where several PNV are in competition. To do so, predictive 410 

distributions of each individual PNV were transformed to binary presence/absence maps 411 

using the threshold maximizing F-score. These binary maps were therefore all added 412 

together and areas where the presence of multiple PNV overlapped were considered as 413 

mixed areas. The area of each type of PNV present in mixed areas has been measured 414 

and compared to the total area of the concerned PNV. If the mixed area represented 415 

more than 10% of the total surface of one PNV in question, it was kept; those below 416 
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10% were discarded. This allowed most PNV associated with important confusion after 417 

classification to be kept, discarding small and irrelevant confusion issues. All retained 418 

mixed areas were added to the PNV classification map as an overlay. Then we 419 

recalculated accuracy metrics for each PNV with validation data by considering the 420 

potential presence of the PNV in single and mixed areas. Mixed areas were therefore 421 

considered as a presence for the validation of each PNV concerned.  422 

2.9. Complementary analysis 423 

2.9.1. Individual biotope modeling vs. PNV 424 

To identify gains or losses of using the PNV approach compared to individual biotope 425 

modeling that consider biotopes independent as it is commonly applied (Horvath et al., 426 

2019; Maggini et al., 2006), we also performed modeling of biotopes composing the 427 

PNV for calcareous Fagus and Quercus forests. We chose this PNV as it includes 428 

several biotopes of different succession stages that are exclusive to the PNV. It is also 429 

the only one with sufficient data about open and semi-open biotopes to enable accurate 430 

and robust individual models.  431 

Biotopes belonging to calcareous Fagus and Quercus forest succession were modeled 432 

considering the targeted biotope as presences and all other biotopes of the dataset – 433 

i.e., also other biotopes belonging to the same PNV – as absences, as is done in 434 

individual biotope modeling approaches (Horvath et al., 2019). All independent models 435 

were used to predict presence/absence maps using the threshold maximizing F-score. 436 

To make individual biotope models and the PNV model comparable, we added together 437 

all biotopes’ predicted ranges, which was compared to the PNV predicted presence 438 

range. Producer accuracy was calculated for each individual biotope – i.e., the 439 
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proportion of reference pixels related to each biotope belonging to the PNV or the 440 

cumulative biotope distributions. Furthermore, each total area of the PNV predicted 441 

presence and the cumulative individual biotope predicted presence were calculated to 442 

evaluate the specificity of the model. A presence prediction that is too large can increase 443 

producer accuracy, but the model specificity may be low.  444 

2.9.2. Quality assessment with floristic data 445 

Indicator plant species observations were also used to complete the quality assessment 446 

of PNV predictions using an independent dataset to the one used for model calibration. 447 

A validated plant dataset compiled for the Walloon Flora Atlas (Delescaille and Delaitte, 448 

2011) was filtered to keep only observations of indigenous plants between 2000 and 449 

2020 and location with precision below 100 m. PNV information was then assigned to 450 

each observation of a plant species. A Chi² test was performed to measure the 451 

dependence between the presence of a plant taxa and each specific PNV, discarding 452 

mixed PNV.  453 

The dependence is based on residual Chi² (𝑇) calculated with Equation 2: 454 

Equation 2. 455 

𝑇 = ∑
(𝑂𝑖𝑗 − 𝐸𝑖𝑗)

2

𝐸𝑖𝑗
𝑖𝑗

 456 

where 𝑂𝑖𝑗 is the number of observations of a taxon 𝑖 in a PNV 𝑗 and 𝐸𝑖𝑗 is calculated 457 

based on Equation 3: 458 

Equation 3.  459 
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𝐸𝑖𝑗 =
𝑂𝑖+ × 𝑂+𝑗

𝑁
 460 

where 𝑂𝑖+ is the total number of observations for a taxon, 𝑂+𝑗 is the total number of 461 

observations in a PNV and 𝑁 is the total number of observations in all PNV. 462 

Chi² test was preferred to similar metric such as Indval (Dufrêne & Legendre, 1997). 463 

Indeed, using Indval to compare species occurrence to PNV prediction should results to 464 

low values of indicative level as it depends on the proportion of species occurrence on 465 

PNV occurrences. PNV occurrences is far wider than as it is a potential prediction and 466 

could not be compared to species occurrence that are linked to actual distribution of 467 

biotopes. 468 

3. Results 469 

3.1. Dominant PNV classification 470 

PNV were firstly modeled individually using the Random Forest algorithm. Accuracy 471 

metrics results and an example of resulting map are available in Appendix C.  472 

Random Forest prediction results were then used as independent predictors to perform 473 

a classification to identify the dominant PNV for each pixel. Results of accuracy metrics 474 

(Table 3) show that global accuracy metrics for the classification are almost perfect with 475 

0.95 and 0.91 for OA and Cohen’s kappa coefficient, respectively. 476 

Table 3. Accuracy metric results of the classification map for each PNV. Producer (PA) 477 

and user accuracy (UA) above 0.8 (considered to be highly accurate for our objectives) 478 

are highlighted in bold text. To better view trends in accuracy metrics between individual 479 
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PNV modeling and dominant classification, differences of PA and UA were added. 480 

Absolute differences higher than 0.1 are highlighted in bold font. 481 

Potential Natural 
Vegetation 

Code 

Area used 
for 
calibration 
(Ha) 

PA 
PA 
differences 

UA 
UA 
differences 

Sphagnum Betula woods SB 50.8 0.898 +0.075 0.829 +0.000 

Alnus swamp woods AS 141.1 0.936 +0.122 0.678 −0.148 

Quercus and Betula 
forests with Molinia  

QBM 144.9 0.912 +0.096 0.827 −0.034 

Riparian and gallery 
woodland 

RG 337.8 0.930 +0.114 0.689 -0.129 

Fammenian Quercus and 
Carpinus forests 
 

FQC 64.8 0.968 +0.082 0.932 +0.023 

Neutrophile Quercus and 
Fraxinus forests on wet 
soils  
 

NQF 156.5 0.936 +0.059 0.888 −0.026 

Acidophilous Quercus and 
Carpinus forests on wet 
soils 

AQC 8.1 0.868 +0.244 0.731 +0.099 

Neutrophile Fagus forests NF 338.8 0.921 +0.046 0.914 −0.005 

Wet and shady ravine 
forests 

WSR 94.9 0.820 +0.185 0.688 +0.018 

Acidophilous Fagus 
forests 

AF 559.0 0.959 −0.010 0.990 +0.018 

Calcareous Fagus and 
Quercus forests 

CFQ 131.3 0.918 +0.066 0.884 +0.021 

Thermophile acidophilous 
Quercus forests 

TAQ 24.5 0.836 +0.330 0.580 +0.137 

Xerophile Fammenian 
Quercus and Carpinus 
forests 

XFQC 8.4 0.856 +0.195 0.842 +0.003 

 482 
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If we go into further detail, we can see that the classification increases producer 483 

accuracy for almost all PNV. The PA increase is particularly important for 5 PNV out of 484 

13 with an increase higher than 10%. The results for UA are more heterogeneous with 485 

some PNV gaining in UA and others decreasing. Two PNV particularly lost accuracy 486 

according to UA: riparian and gallery woodland and Alnus swamp woods. To better 487 

understand these accuracy losses, we performed a confusion matrix that highlights an 488 

important confusion between the predicted value for some PNV and reference pixels of 489 

acidophilous Fagus forests (Table 4). 490 

Table 4. Confusion matrix resulting from classification of PNV. Columns concern 491 

predicted classes and rows refer to reference classes. Values in the matrix correspond 492 

to the number of pixels divided by the total number of pixels predicted in each PNV. The 493 

diagonal therefore corresponds to UA values. SB: Sphagnum Betula woods; AS: Alnus 494 

swamp woods; QBM: Quercus and Betula forests with Molinia; RG: riparian and gallery 495 

woodland; FQC: Fammenian Quercus and Carpinus forests; NQF: neutrophile Quercus 496 

and Fraxinus forests on wet soils; AQC: acidophilous Quercus and Carpinus forests on 497 

wet soils; NF: neutrophile Fagus forests; WSR: wet and shady ravine forests; AF: 498 

acidophilous Fagus forests; CFQ: calcareous Fagus and Quercus forests; TAQ: 499 

thermophile acidophilous Quercus forests; XFQC: xerophile Fammenian Quercus and 500 

Carpinus forests.  501 
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Prediction 

Reference 

 
SB AS QBM RG FQC NQF AQC NF WSR AF CFQ TAQ XFQC 

SB 0.83 0.02 0.02 0 0 0 0 0 0 0 0 0 0 

AS 0 0.68 0 0 0 0 0 0 0 0 0 0 0 

QBM 0.14 0.02 0.83 0 0 0 0 0 0 0 0 0 0 

RG 0 0.01 0 0.69 0 0 0 0 0.01 0 0 0 0 

FQC 0 0.04 0 0.05 0.93 0.01 0 0.01 0 0 0.02 0.02 0.09 

NQF 0 0.01 0 0.05 0 0.89 0.02 0 0 0 0.01 0 0 

AQC 0 0 0 0 0 0 0.73 0 0 0 0 0 0 

NF 0 0.02 0 0.04 0 0.02 0.01 0.91 0.08 0 0.05 0.03 0.01 

WSR 0 0 0 0.01 0 0 0 0 0.69 0 0.02 0.02 0 

AF 0.03 0.21 0.15 0.15 0.06 0.08 0.24 0.05 0.11 0.99 0.02 0.33 0.03 

CFQ 0 0 0 0 0 0 0 0.01 0.11 0 0.88 0.02 0.02 

TAQ 0 0 0 0 0 0 0 0 0 0 0 0.58 0 

XFQC 0 0 0 0 0 0 0 0 0 0 0 0 0.84 

Total 1 1 1 1 1 1 1 1 1 1 1 1 1 

 502 

  503 
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This is particularly the case – in decreasing order of confusion importance – for 504 

thermophile acidophilous Quercus forests, acidophilous Quercus and Carpinus forests 505 

on wet soils, Alnus swamp woods, riparian and gallery woodland, Quercus and Betula 506 

forests with Molinia and wet and shady ravine forests. All these PNV are scarce except 507 

for Quercus and Betula forests with Molinia and riparian and gallery woodland. We can 508 

also see a notable confusion between wet and shady ravine forests and calcareous 509 

Fagus and Quercus forests. Figure 2 shows the results of classification as a unique map 510 

of PNV potential presence. 511 

 512 

Figure 2. Result of classification map of PNV with a close-up of the Hermetton Valley 513 

region where important diversity of PNV can be seen. SB: Sphagnum Betula woods; AS: 514 
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Alnus swamp woods; QBM: Quercus and Betula forests with Molinia; RG: riparian and 515 

gallery woodland; FQC: Fammenian Quercus and Carpinus forests; NQF: neutrophile 516 

Quercus and Fraxinus forests on wet soils; AQC: acidophilous Quercus and Carpinus 517 

forests on wet soils; NF: neutrophile Fagus forests; WSR: wet and shady ravine forests; 518 

AF: acidophilous Fagus forests; CFQ: calcareous Fagus and Quercus forests; TAQ: 519 

thermophile acidophilous Quercus forests; XFQC: xerophile Fammenian Quercus and 520 

Carpinus forests.  521 

Results of PNV individual modeling and classification can be viewed online (“Lifewatch-522 

FWB : UCL - Geomatics,” 2022) 523 

3.2. Identification of areas with mixed potential natural vegetation 524 

The identification of potential zones with competition between PNV resulted to ten mixed 525 

PNV complexes where the sum of PNV proportions is higher than 10%. It appears that 526 

PNV concerned with mixed areas representing a large proportion of their presence 527 

range are generally those with a lot of overlay, as shown in the confusion matrix. This is 528 

particularly the case for scarcer PNV such as thermophile acidophilous Quercus forests, 529 

acidophilous Quercus and Carpinus forests on wet soils and xerophile Fammenian 530 

Quercus and Carpinus forests. There is an important overlap between neutrophile 531 

Fagus forests and acidophilous Fagus forests, involving 30% of neutrophile Fagus 532 

forests. This overlap is not present in the classification as there is not a notable 533 

confusion between the two PNV in the confusion matrix. Accuracy metrics were 534 

recalculated considering the potential presence of PNV in mixed areas. Global results 535 

were logically better, with a slight decrease of PA in some cases and an appreciable 536 

increase of UA for almost all PNV. OA slightly increased by 0.004 while kappa increased 537 
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by 0.019. The list of mixed PNV, an example of maps with both PNV and mixed PNV 538 

such as trends in accuracy metrics with and without mixed areas are available in 539 

Appendix D. 540 

3.3. Complementary analysis 541 

3.3.1. Individual biotope modeling vs. PNV 542 

Results of the modeling of the calcareous Fagus and Quercus forests PNV were 543 

compared to the remodeling of each of the biotopes that characterize the vegetation 544 

succession of this PNV. Results are presented in Table 7. We can see that PA values 545 

were low for individual biotope predictions, except for sub-Atlantic calciphile Quercus 546 

and Carpinus betulus forests. The PA values increased when biotope predictions were 547 

grouped, but the PNV approach performs better for all biotopes except for sub-Atlantic 548 

calciphile Quercus - Carpinus betulus forests where the difference is only 0.4%. In other 549 

words, more biotope reference pixels were encompassed in the PNV range than in the 550 

addition of individual biotope predicted presences. This represents a mean PA increase 551 

of 29% compared to individual biotope predictions and 8% compared to when they are 552 

grouped. In addition, areas of grouped biotope predictions and PNV are similar, with 553 

30 250 ha for the PNV and 25 250 ha for the addition of individual biotopes model. The 554 

large PA for the PNV approach is therefore not due to an excessively large potential 555 

distribution. 556 

Table 5. Producer accuracy (PA) of each biotope used to define calcareous Fagus and 557 

Quercus forests considering PNV range or addition of individual biotope models. Highest 558 

values of PA are represented in bold text. 559 
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 560 

Biotopes Biotopes 
(EUNIS code) 

PA of individual 
biotope predictions 

PA of individual 
biotope predictions 
inside grouped area 

PA individual 
biotope predictions 
inside PNV 

Sub-Atlantic semi-dry 
calcareous grassland 

E1.26 0.609 0.843 0.905 

Calcareous thermophilic 
thickets and scrub 

F3.1b 0.488 0.710 0.861 

Medio-European limestone 
Fagus forests 

G1.66 0.615 0.720 0.817 

Western Quercus pubescens 
woods and related 
communities 

G1.71 0.304 0.781 0.871 

Sub-Atlantic calciphile 
Quercus and Carpinus 
betulus forests 

G1.A17 0.857 0.863 0.859 

 561 

3.3.2. Quality assessment with floristic data 562 

An additional validation of the PNV models assessed to what extent most dependent 563 

species of each PNV based on Chi² are known to be indicators of the different related 564 

biotopes. Chi² analyses were performed on plant occurrence data using a PNV 565 

classification map to identify most dependent species without considering aquatic 566 

species and very rare species (Appendix E summarized in Table 8).  567 

Table 6. This table presents the five species with the highest values resulting from the 568 

Chi² test for each PNV, excluding aquatic and too scarce species. Species names in 569 

bold with bigger font are those typical of the associated biotopes (but not necessarily 570 

exclusive). In bold but with smaller font: companion species of the associated biotopes. 571 

Small normal font is used for generalist species. Finally, underlined species names are 572 
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those not corresponding to the biotope according to their ecological requirements or 573 

corresponding to ruderal species. Exponents above the names denote if species are 574 

typical of open environments (O), develop in open and forest environments (M) or strict 575 

forest species (F). 576 

Potential Natural Vegetation Five most dependent species  

Sphagnum Betula woods 
Vaccinium oxycoccosM, Eriophorum vaginatumM, 
Narthecium ossifragumO, Eriophorum angustifoliumO, 
Drosera rotundifoliaO 

 

Alnus swamp woods 
Carex appropinquataO, Filipendula ulmariaM, Cirsium 
oleraceumM, Caltha palustrisM, Triglochin palustrisO 

 

 

Quercus and Betula forests with Molinia  
Erica tetralixO, Molinia caeruleaM, Vaccinium 
uliginosumM, Juncus squarrosusO, Viola palustrisM 

 

Riparian and gallery woodland 
Filipendula ulmariaM, Phalaris arundinaceaM, Caltha palustrisM, 

Iris pseudacorusM, Scirpus sylvaticusM 

 

Fammenian Quercus and Carpinus forests 
 

Orchis morioO, Silaum silausO, Dianthus armeriaO, Colchicum 

autumnaleO, Selinum carvifoliaO 

 

Neutrophile Quercus and Fraxinus forests on 
wet soils  

 Lythrum salicariaM, Alnus glutinosaM, Filipendula ulmariaM, 

Glechoma hederaceaM, Phragmites australisM 

 

Acidophilous Quercus and Carpinus forests on 
wet soils 

Dactylorhiza praetermissa subsp.praetermissa var.j,O 

Oxybasis rubraO, Dipsacus pilosusF, Lathyrus nissoliaO 

Senecio vulgarisO 

 

Neutrophile Fagus forests 
Galium odoratumF, Paris quadrifoliaF, Saxifraga 

granulataO, Viscum albumM, Equisetum arvenseO 

 

Wet and shady ravine forests 
Asplenium scolopendriumF, Polystichum aculeatumF, 
Asplenium trichomanesM, Mercurialis perennisF, Biscutella 

laevigataO 

 

Acidophilous Fagus forests Pteridium aquilinumM, Teucrium scorodoniaF, Cytisus 
scoparius O, Vaccinium myrtillusM, Luzula luzuloidesF 

 
 
 

Calcareous Fagus and Quercus forests 
Helianthemum nummulariumO, Vincetoxicum 
hirundinaria M, Teucrium chamaedrysO, Globularia 
bisnagaricaO, Gymnadenia conopseaO 
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Thermophile acidophilous Quercus forests 
Asplenium septentrionaleO, Asplenium adiantum-
nigrumM, Filago minimaO, Silene nutansM, Galeopsis 
segetumO 

 

Xerophile Fammenian Quercus and Carpinus 
forests 

Silene nutansM, Dianthus carthusianorumO, Asplenium 
adiantum-nigrumM, Potentilla argenteaO, Ulmus laevisF 

 

Most dependent species resulting from Chi² analyses are generally indicative or related 577 

to biotopes concerned by the modeled PNV. Species characteristic of both open and 578 

forest stages of the PNV are present in the five most dependent species. For open 579 

habitats species, this is true for Helianthemum nummularium that is indicative of open 580 

stages of calcareous Fagus and Quercus forests or Erica tetralix, typical of open stages 581 

of Quercus and Betula forests with Molinia; for forest species, Asplenium scolopendrium 582 

that is typical of forest stages of wet and shady ravine forests or Luzula luzuloides that is 583 

present in forest stages of acidophilous Fagus forests. Two PNV had poorer results: 584 

neutrophile Quercus and Fraxinus forests on wet soils and acidophilous Quercus and 585 

Carpinus forests on wet soils. Some species of these two PNV highlighted by the 586 

analysis are not related to the expected environmental conditions.  587 

4. Discussion 588 

4.1. PNV modeling performance 589 

The modeling of individual and dominant PNV showed very convincing results. The 590 

results of accuracy metrics were good to excellent with OA and kappa values were 591 

extremely high. These results can be explained by the contrasted definition of PNV 592 

related to the main ecological context of the study area. The diversity of specific 593 

ecological conditions covered by the different PNV would favor the prediction of true 594 

absences increasing OA. Other studies modeling biotope distributions have also found 595 

better accuracy metric values for the rarest biotopes (Horvath et al., 2019; Mi et al., 596 
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2017; Zhang et al., 2020). However, these studies only used the AUC, which is also 597 

influenced by true presence and absences, as do many studies dealing with single 598 

biotope models (Horvath et al., 2019; Maggini et al., 2006) or PNV modeling (Hemsing 599 

and Bryn, 2012). However, using true absence rate may lead to a false assumption that 600 

model results are good and especially concerning scarce biotope/PNV. Indeed, for 601 

scarce biotope/PNV depending on specific ecological context, class imbalance between 602 

presence and absence data will favor true absence rate. PA and UA metrics based 603 

principally on true presence showed that results are more nuanced, and that attention 604 

must be paid with some predicted PNV. 605 

To model PNV, we assumed a deterministic evolution of vegetation succession toward a 606 

climax stage, which is not agreed upon by all the scientific community (Chiarucci et al., 607 

2010). We therefore paid attention to PNV definition and identifying biotopes belonging 608 

to each PNV. Our results showed a good distinction between the different PNV, which 609 

proves they were well ecologically defined and that our hypothesis about a deterministic 610 

evolution of vegetation succession could be validated. Furthermore, these results 611 

underline the benefits and sturdiness of a prior definition of PNV compared to more 612 

complex methods where PNV are constructed based on vegetation occurrence datasets 613 

(De Keersmaeker et al., 2013).  However, the existence of mixed areas shows some 614 

important overlaps between independent PNV predictions.  Nevertheless, modeling PNV 615 

has many advantages presented in this paper that brings new light to this old concept. 616 

Classification results to identify dominant PNV had an important global PA increase at 617 

the expense of UA, which shows that the modeled distribution of PNV had been 618 

widened after classification. This is especially the case for riparian and gallery 619 
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woodlands and Alnus swamp woods. A detailed analysis of the confusion matrix 620 

performed on classification results revealed a significant confusion between 621 

acidophilous Fagus forests and scarcer PNV. Acidophilous Fagus forests is the largest 622 

of all PNV representing 64% of reference data and its high prevalence in the validation 623 

dataset could also explain why prediction errors are more widely detected in widespread 624 

biotopes. Even if areas of confusion between acidophilous Fagus forests and other PNV 625 

are small and rare compared to acidophilous Fagus forests’ total area, the impact on 626 

accuracy metrics may still be significant for the rarest PNV for which less validation data 627 

is available. This confusion can be explained by different factors.  628 

Both predictor maps (such as soil maps) and biotope data used for calibration are 629 

derived from human interpretation, which means that the representation and 630 

simplification on a cartographic medium contributes to confusion between PNV. 631 

Secondly, Fagus forests are the natural dominant vegetation on the Walloon territory 632 

and can sometimes extend at the border of their range. This effect is accentuated by 633 

Fagus sylvativca competitiveness toward other species, homogenization of stands by 634 

silvicultural management and high game pressure on less common tree species. 635 

Thirdly, biotopes present in scarce PNV depend to their specific ecological conditions 636 

that have a spatial pattern defined by topography and hydrography generating many 637 

edges. Therefore, the extraction of rasterized environmental predictors of 10 m wide 638 

may have created border effects where predictor values of specific ecological conditions 639 

may be attributed to the scarce PNV or to the surrounding common PNV. This issue has 640 
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been considered to define the reference data set and its impact limited by removing a 641 

20 m inside buffer from common PNV polygons.  642 

Fourthly, more common biotope maps are susceptible to mask scarcer ones. As the 643 

mapping of common biotopes may be coarser, they can include smaller areas with 644 

ecological conditions suitable to other PNV. A detailed analysis of the acidophilous 645 

Fagus forests reference data showed that a bigger proportion of riparian and gallery 646 

woodlands reference polygons are on wet alluvial soils (43%) than that of acidophilous 647 

Fagus forests (1%) but the latter has a greater absolute area of wet alluvial soil 648 

(83 398 ha) than riparian and gallery woodlands (47 972 ha). This issue was anticipated 649 

by balancing calibration datasets; firstly with spatial sampling and secondly by weighting 650 

PNV before classification. By giving more importance to scarce PNV we also gave more 651 

importance to biotope polygons for which we can have better confidence as more 652 

attention was given to them during their mapping. 653 

4.2. Individual biotope versus PNV modeling 654 

The analysis of the independent biotope models of calcareous Fagus and Quercus 655 

forests showed that PNV approach better covers the existing biotope distributions 656 

compared to single biotope modeling. Furthermore, PNV modeling using only climax 657 

stage vegetation as reference would have used Medio-European limestone Fagus 658 

forests (Delescaille L.-M. et al., 2021). However, we can see that using this vegetation 659 

alone to model the PNV leads to missing 20% more cells of this biotope than our 660 

approach. For this example, using several biotopes of the succession stage to calibrate 661 

the PNV better encompass ecological niche and leads to better predictive results.  662 
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The better results of our approach can be explained by the fact that open biotopes are 663 

maintained by human management. In our case, only a part of them have resumed their 664 

succession and another part had their natural succession blocked or brought back to the 665 

starting point by human activities. Our hypothesis is that human activity restricts the 666 

distribution of open biotopes to more extreme local ecological contexts that could be 667 

only a limited part of the actual ecological niche of the biotope. By modeling calcareous 668 

Fagus and Quercus forest PNV, we therefore better consider the ecological niche of 669 

sub-Atlantic semi-dry calcareous grassland, as evidenced by our results. 670 

4.3. Quality assessment with floristic data 671 

 672 

Quality control of the potential distribution of PNV using floristic data demonstrates that 673 

the most dependent PNV species are those that are found in corresponding biotope 674 

floristic assemblages (Delescaille L.-M. et al., 2021).  675 

Most important issues revealed by this analysis concern neutrophile Quercus and 676 

Fraxinus forests on wet soils and acidophilous Quercus and Carpinus forests on wet 677 

soils. However, this can be explained by too low accuracy of available observations, 678 

poorer sampling inside the biotopes concerned and inherent PNV scarcity – especially 679 

acidophilous Quercus and Carpinus forests on wet soils – that impact Chi² analysis.  680 

4.4. Strength and limitations of the approach 681 

Our approach helped to tackle different issues related to biotope mapping. In our case, 682 

biotopes that are part of other vegetation series were therefore considered as true 683 

absences which improved the model’s capacity to distinguish them. The use of 684 

independent models for each PNV to produce a classification as well as the distinction 685 
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of the mixed zones allowed potential PNV distributions to be refined. Important PA 686 

values for classification and the small change in UA showed that this model was very 687 

powerful, avoiding omitting the presence of different PNV while keeping a good 688 

detection of true presences. Other approaches have allowed a map to be built with the 689 

most dominant biotope from multiple predictions (Álvarez‐Martínez et al., 2018), but the 690 

probabilities between two concurrent biotopes were compared and the dominant biotope 691 

was assigned to the pixel if the difference of probabilities was higher than a subjective 692 

threshold. In our approach, any subjectivity was avoided through the classification based 693 

on individual PNV predictions.  694 

Other methods of biotope modeling may also be followed. Initiated by Margules and 695 

Stein(1989), vegetation communities could also be considered based on the combined 696 

potential distribution of species belonging to the community. This approach could be 697 

adapted to aim modeling vegetation communities as we did. It has the advantage that it 698 

could now be performed on vegetation observation from naturalist platforms. These data 699 

are numerous, regularly completed and a large majority are validated. However, species 700 

observations suffer from many problems related to the sampling, quality and nature of 701 

biological data.  702 

The data collected rarely follow a standardized methodology. They are often spatially 703 

biased in favor of the most accessible or attractive areas of a territory such as protected 704 

areas. Biotope mapping is in principle more standardized and systematic, and one can 705 

trust the absence of a biotope where another has been mapped, which is not the case 706 

for the presence of a species. Species location is also not exempt of errors of different 707 
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types while biotopes delineation corresponds to a combination of regularly observed 708 

species and a particular combination of ecological factors. 709 

But one major problem is the nature of the distribution data of species that cannot in 710 

principle share the same ecological niche that characterizes a biotope.  Rare species 711 

that are pore specific of environmental conditions are very difficult to model because 712 

their absence can be explained by local ecological factors not measurable at the size of 713 

the selected grid (10x10m), biotic factors, particular adaptation strategies, factors 714 

associated with the dispersal filter, human activities, ... While most frequent species are 715 

less indicative and are therefore also generally observed in other combinations of 716 

ecological conditions. 717 

The identification of mixed PNV areas revealed the difficult distinction and blurred 718 

delimitation between different PNV where ecological conditions are very close. These 719 

mixed areas are mainly distributed in the areas most disturbed by human activities and 720 

have fewer biotopes of reference for model calibration.  These transitional areas 721 

between different biotopes reflect those typically encountered in the field.  Other 722 

methods to tackle overlapping of multiple PNV predictions are complex and do not 723 

provide convenient maps but give a more complete information with different 724 

comparable probabilities for all overlapping PNV (Somodi et al., 2017).  Our approach is 725 

simpler and we discard some complexes but all information is available in a single 726 

convenient map. Moreover, marginal complexes of PNV that were discarded are mainly 727 

unrealistic in term of ecological condition that should not overlap.   728 

. 729 
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4.5. Potential use of PNV map for nature protection and conservation 730 

PNV modeling can identify possible priority areas for biotope restoration. The new 731 

European Biodiversity Strategy for 2030 and the new European regulation on nature 732 

restoration defined very ambitious objectives of surface to protect and conservation 733 

status to improve. As they concern the implementation of the Natura 2000 network and 734 

many biotopes of European interest (see Table 1), PNV modeling make it possible to 735 

assess the extent of restoration possibilities and to identify the highest priority areas for 736 

increasing existing surfaces or for improving connectivity between them. 737 

Within a PNV, the distinction between forest and open biotopes can then be identified 738 

using available land cover data, which is becoming increasingly accurate and easily 739 

available through remote sensing approaches (Bourdouxhe et al., 2020; Radoux et al., 740 

2019). The use of land-use and land-cover data in the PNV allows for targeted field 741 

sampling of the most potentially interesting areas to complete the mapping of the core 742 

areas of biodiversity. 743 

The PNV concept also allows for the development of much more dynamic approaches to 744 

nature conservation to account for natural successions of vegetation rather than trying to 745 

fix the different stages in specific locations. It is also an opportunity to verify the extent to 746 

which all stages are present in the landscape. 747 

5. Conclusion 748 

This study developed a modeling approach that offers new possibilities for large-scale 749 

biotope modeling with higher predictive accuracy. The different datasets and methods 750 

used to evaluate the analyze strategy highlight its robustness. However, PNV modeling 751 
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is not without its limitations. Care must be taken with initial definitions and significant 752 

phytosociological knowledge is recommended to ensure consistency with field 753 

methodology. As with many modeling approaches, care must also be taken in the 754 

selection of baseline data and environmental predictors to ensure that the ecological 755 

niches being modeled are distinguishable. 756 
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