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Graphical abstract 

 

Research Highlights:  

 

- NDVI indices were modelled for different seasons using 20 environmental predictors  

- In spring, low temperatures, nitrogen availability, and pH limit greenness 

- In summer, low soil water reserve and high temperatures are the main constraints 

- The factors limiting vegetation dynamics vary according to the stands type 

- Our findings are helpful to adapt our forests to future environmental conditions 
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Abstract 

 

  Several studies use satellite-based normalized difference vegetation index (NDVI) to 
monitor the impact of climate change on vegetation covers. Good understanding of the drivers 
of NDVI patterns is hindered by the difficulties in disentangling the effects of environmental 
factors from anthropogenic changes, by the limited number of environmental predictors studied, 
and by the diversity of responses according to periods and land covers. This study aims to 
improve our understanding of the different environmental drivers of NDVI spatial variations 
for different stand type characteristics of mountain and Mediterranean biomes. Using NDVI 
values extracted from MODIS Terra time series, we calculated Spring Greenness (SG) and 
annual Relative Greenness (RGRE) to depict spring and summer vegetation activity, 
respectively, in a contrasted area of 10,255 km2 located in the south of France. We modeled SG 
and RGRE at different scales, using 20 environmental predictors characterizing available 
energy, water supply, and nutrient supply calculated for different periods of the year. In spring, 
high minimum temperatures, good nitrogen availability, and acidic or neutral pH turned out to 
be determining for greenness, particularly for stand types located in altitude. In summer, an 
important soil water reserve and low temperatures promoted vegetation dynamics, particularly 
for stands located in areas with a Mediterranean climate. Our results show that NDVI dynamics 
was not only driven by climatic variability, and should not be studied using only mean 
temperature and rainfall. They highlight that different environmental factors act 
complementarily, and that soil parameters characterizing water stress and soil nutrition should 
be taken into account. While the factors limiting NDVI values varied according to the season 
and the position of the stands along the ecological gradients, we identified a global temperature 
and water-stress threshold when considering the whole vegetation. 

 

Keywords:  

Climate, drought stress, soil nutrition, NDVI, vegetation, stand types. 

 

1. Introduction 

 

 More and more studies highlight the effects of the global climate change on vegetation 
(Boisvenue and Running, 2006; Lenoir et al., 2008; Vennetier and Ripert, 2009). They 
demonstrate important impacts on plant distribution, phenology, and productivity (Charru et 
al., 2013; Gordo and Sanz, 2010), with raising concerns about the vulnerability of natural 
ecosystems (Allen et al., 2010; Carnicer et al., 2011). In this context, identifying the different 
environmental factors that control vegetation dynamics and understanding their relative 
importance is a central issue. The Normalized Difference Vegetation Index (NDVI) is based on 
the differential absorption of red and near-infrared spectral bands (Rouse, 1973; Tucker et al., 
1985), and quantifies vegetation greenness as related to vegetation vigor and extent (Luo et al., 
2016; Rhee and Im, 2017). It is strongly correlated to the photosynthetically active radiation 
absorbed by vegetation, and it is recognized as an indicator of vegetation productivity. Since 
NDVI is linked to vegetation leaf area and chlorophyll content, it varies according to the 
vegetation type, the extent of the vegetation cover, the soil, geomorphology, CO2 
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concentrations, nitrogen deposition, and climatic constraints (Kawabata et al., 2001; Wang et 
al., 2003). 
 
 NDVI is widely used in large-scale studies to determine vegetation dynamics and the 
responses of vegetation to climate. Time series of NDVI showed great interannual variability 
and contrasted evolutions according to the location, the scale, and the period, suggesting that 
multiple causes may interact (Fensholt et al., 2012). An increasing trend has been globally 
found worldwide over the last decades, e.g. in China (Meng et al., 2011), northern Europe 
(Julien et al., 2006), or Australia (Fensholt et al., 2012), with a succession of greening and 
browning periods (Liu et al., 2015). In other parts of the world like southern Europe (Julien et 
al., 2006), rainforests of South America and Africa (Liu et al., 2015), a decreasing trend has 
sometimes been observed.  

 

The drivers of NDVI spatial patterns or trends have been intensively studied in the literature. 
Increasing trends in NDVI are most often attributed to the lengthening of the growing season 
due to warmer climate, which increases plant photosynthesis (Slayback et al., 2003). But 
increasing temperatures have also recently been found related to an NDVI decrease in humid 
temperate and dry areas (Liu et al., 2015). In boreal regions, the positive effect of increasing 
temperatures can be offset by the lack of light availability or by regional cooling (Forkel et al., 
2015). Rainfall plays a minor role to explain NDVI in the literature. A positive link is generally 
observed, with a stronger relationship in arid areas than in colder and wetter areas (Peled et al., 
2010; Vicente-Serrano et al., 2013). Some studies have also found no link or a negative 
relationship between NDVI and rainfall (Fensholt et al., 2012; Guo et al., 2014).  

 

 Our understanding of the causes of observed NDVI patterns and trends remains largely 
incomplete. Most studies have been hampered by the difficulties in disentangling the effects of 
environmental factors from the anthropogenic changes linked to land use changes or 
management practices like irrigation or fertilization (Zewdie et al., 2017), or the temporal 
variations in CO2 fertilization (Fensholt et al., 2012). Although distinct NDVI responses were 
demonstrated according to vegetation nature and structure (Djebou et al., 2015), most of the 
studies were conducted at the biome or plant functional type scale, and made no distinction 
among the different land covers. The correlations between NDVI trends and mean temperature 
or rainfall are well documented (Luo et al., 2016), but the effects of other predictors have often 
been neglected. A wide range of climate and soil drivers playing a physiological role admittedly 
influence plant phenology or productivity (Seynave et al., 2005; Vallet and Perot, 2016), but 
their ability to explain greenness patterns is little known. Rainfall and temperature are often 
studied separately, although they both contribute to determine water availability for vegetation 
through the water balance, a key parameter to determine plant health and growth (Bigler et al., 
2006; Breda et al., 2006). A few studies stressed the need to take into account both thermal and 
hydric constraints to understand NDVI variations owing to complex interactions between these 
factors (Piao et al., 2014), but they were rarely taken into account jointly. Finally, soil-related 
effects are often ignored in NDVI studies because it is difficult to obtain data, although the soil 
water regime and soil nutrition are probably key parameters to evaluate vegetation dynamics 
(Bergès and Balandier, 2010; Walker et al., 2003).  
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 The aim of this article is to assess the environmental drivers of the vegetation dynamics 
at different scales and over different periods of the year, using a spatial approach. We studied 
the relationships between NDVI and environmental factors at the scale of the whole natural 
vegetation of the area, for 3 phenological groups, and across 15 stand types. These stand types 
were characteristic of mountain and Mediterranean biomes, and included coniferous as well as 
broadleaf and evergreen xerophilous tree species. We hypothesized that i) mean temperature 
and rainfall might not be the best predictors of NDVI patterns, ii) different factors could 
complement one another to explain NDVI variations, and iii) the relationships between NDVI 
and the ecological factors could vary according to the season, the scale, and the stand type. This 
study was carried out in the south of France along a climate gradient covering a wide range of 
altitudes (0 to 2,800 m). We used two NDVI indices, i.e. Spring Greenness (SG) and Relative 
Greenness (RGRE), obtained from MODIS Terra time series and calculated yearly from 2000 
to 2012, to investigate the effects of climate and soil conditions on spring and summer 
vegetation dynamics.  

 

2. Materials and methods 

2.1 Study site 
 
The study area was located in the south of France, in the Aude and Pyrénées-Orientales 

districts (Occitanie region). It covered 10,255 km2, with low anthropogenic pressure (garrigue 
or maquis, forests, Figure 1). With altitudes ranging between 0 and 2,800 m, the area was very 
heterogeneous, including Mediterranean climate near the sea with warm and dry summers, and 
mountainous areas with cold temperatures and heavy rainfalls. Over the 2000-2012 period, 
mean annual temperatures ranged from 3 to 15°C, and the average sum of annual rainfall from 
450 to 2,000 mm (data from the meteorological weather stations, Météo France).  
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Figure 1: Location of the study site, and distribution of altitudes and cells classified according 
to the 3 phenological vegetation groups (n = 2,649). 

 
 

 
2.2 NDVI data 
 
We used a series of MODIS Terra 16-day composite images (MOD13Q1 collection 5 

product) at 250x250 m resolution, the highest provided by this satellite. The Constrained View 
angle - Maximum Value Composite (CV-MVC) technique is utilized by NASA to generate this 
MOD13Q1 product. It selects the observation with the highest NDVI and the smallest view 
angle to correct cloud contamination, directional reflectance, sun angle and shadow effects, 
and aerosol and water-vapor effects (Huete et al., 2002). We selected 296 NDVI syntheses 
acquired from February 2000 to December 2012. Dataset pre-processing included clipping the 
images to the study area, and re-projecting the images onto the French geodesic system. The 
remaining noise in the NDVI data series was corrected using the adaptive Savisky-Golay 
algorithm with TIMESAT Software (Jönsson and Eklundh 2004). 

We calculated two synthetic indices from the temporal variations of NDVI values to 
reflect seasonal vegetation activity (Chéret and Denux, 2011). Spring greenness (SG, Pettorelli 
et al, 2005, Reed et al, 1994) is the sum of NDVIs calculated for a fixed period of five NDVI 
syntheses from the onset of spring greenness (at the beginning of April) to the NDVI maximum 
(in June) before the dry season. (Appendix A). This represents vegetation activity during the 
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period of maximum activity, with values ranging between 1.5 and 4.3, the higher values 
corresponding to more active vegetation: 

 

Eq 1  SG = ∑NDVI April to June  

 

 Annual Relative Greenness (RGRE, Chéret and Denux, 2007, Kogan et al, 2003) is 
designed to represent the effects of summer constraints. It is obtained from the minimum NDVI 
measured before the onset of spring greenness (March–April) (Phase 1), the maximum NDVI 
observed at the end of spring (June), and the minimum NDVI reached during the driest period 
(August or September) (Phase 2) (Appendix A). It is calculated as follows:  

Eq 2 Annual RGRE = (NDVImin Phase 2 – NDVImin Phase 1) / (NDVImax – 
NDVImin Phase 1) 

With NDVImin Phase 1 = onset of spring greenness, NDVImax = end of spring 
greenness, NDVImin Phase 2 = end of summer decrease. 

 

RGRE values range between -500 to 100. Positive values show a higher NDVI at the end 
of the summer decrease than at the onset of spring greenness, while negative values indicate 
that stress is so high in summer that vegetation decreases its activity to values lower than at the 
onset of spring greenness. RGRE and SG indices were resampled using a bilinear method at a 
cell size of 1 km for their resolution to match with GIS ecological indices. 

 

2.3 GIS ecological indices 
 

We calculated twenty ecological indices characterizing available energy, water 
availability, and soil nutrition, and mapped them at 1 km resolution (Table 1).   

2.3.1 Climatic data 

Mean, minimum, and maximum monthly temperatures (Tmean, Tmin, and Tmax), and 
the monthly sum of rainfalls (R) were gathered at the scale of France from 214, 225, 235, and 
1,119 weather stations, respectively, belonging to the Météo-France network. All the 
temperature records and 93% of rainfall records were subjected to statistical homogenization to 
remove non-climatic changes (Gibelin et al., 2014). These variables were modeled using 
geographically weighted regression (GWR, Fotheringham et al., 2002) for the whole of France 
at 1,000 m resolution, using various covariates such as latitude, solar radiation, topographical 
position, wind exposure, or land use. We calculated monthly solar radiation (RAD) using the 
Helios model (Piedallu and Gégout, 2007) and combined it with temperatures using Turc’s 
formula to obtain potential evapotranspiration (PET) (Turc, 1961). The difference between R 
and PET defined the climatic water balance (CWB). 
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 Index Abb. Definition Frequency 

of 

calculation 

Range Reference 

 

 

 

Energy 

Mean temperature (°C)* Tmean Mean monthly temperatures monthly [11;18]  

 

(Piedallu et al., 2016) 

 

Minimum temperature (°C)* Tmin Minimum monthly temperatures monthly [6; 12] 

Maximum temperature (°C)* Tmax Maximum monthly temperatures monthly [16; 24] 

Solar radiation (J/cm²)* RAD Mean monthly solar radiation monthly [53,100; 

59,500] 

Potential evapotranspiration 

(mm)* 

PET PETt = (α * 

(RADt/Dt*0.2388+50))*(Tt/(Tt+15)) 

With α = 0.37 for February, otherwise 0.4 

D = number of days 

monthly [54; 114] (Turc, 1961) 

Actual evapotranspiration 

(mm)* 

AET If Pt ≥ PETt then AETt = PETt 

If Pt ≤PETt then  

AETt = SWCt-1 +Pt-SWCt 

monthly [41;65] (Stephenson, 1998) 
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Cosine of aspect Cosa Cosa = cos(aspect) Constant over 

time 

[-0.5;0.5]  

 

 

 

 

 

Available 

water 

Rainfall (mm)* R Sum of mean monthly rainfalls monthly [38;102] (Piedallu et al., 2016) 

 

Climatic water balance (mm)* CWB CWBt = Pt-PETt monthly [-69; 27] (Stephenson, 1990) 

Soil water-holding capacity 

(mm) 

SWHC Amount of water that can be stored in 

the soil 

Constant over 

time 

[44;71] (Piedallu et al., 2011) 

Soil water content (mm)* SWC If Pt ≥ PETt then  

SWCt = min(SWCt-1 + CWBt and SWHC 

If Pt ≤PETt then  

SWCt = SWCt-1*exp((CWBt)/SWHC 

monthly [2;68] (Thornthwaite and 

Mather, 1955) 

(Piedallu et al., 2013) 

Relative extractible water 

(mm)* 

REW REWt = SWCt/SWHC monthly [0.18;0.64] (Granier et al., 1999) 

Aridity index (mm)* AI AIt = AETt/PETt monthly [0.45;0.84] (Thornthwaite, 1948) 

Evapotranspiration deficit 

(mm)* 

ED EDt = PETt - AETt monthly [15;68] (Dyer, 2009) 
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Soil water deficit (mm)* SWD SWDt = 0.4*SWHC-SWCt monthly [-13;11] (Granier et al., 1999) 

Topographic wetness index TWI TWI = ln(a/Tan b)   

 a= upslope area, b = slope in radians 

Constant over 

time 

[4.6;6.5] (Beven and Kirkby, 1979) 

Temporary waterlogging TW Bioindication with flora Constant over 

time 

[-0.032;-0.015] (Piedallu et al., 2016) 

 

Permanent waterlogging PW Bioindication with flora Constant over 

time 

[-0.028;-0.018] 

Soil 

nutrition 

Soil richness pH Bioindication with flora Constant over 

time 

[5.8;7.9] 

Nitrogen availability C/N Bioindication with flora Constant over 

time 

 [13.7;25.2] 

 

Table 1. Indices and their ranges of values, defined by the first and ninth deciles (n = 2,649). 

* For climatic data, the range column was calculated using mean monthly values from March to September, averaged over the 2000-2012 
period. Abb. = abbreviation,  t = month.  
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2.3.2. Soil available water 

To account for soil characteristics when estimating available water for plants, we 
calculated the soil water-holding capacity (SWHC). SWHC, which represents the maximum 
amount of water available for plants in the soil, was mapped from 100,307 plots all over France, 
collected by the French National Forest Inventory (NFI), and was implemented for France at 1 
km resolution using pedotransfer functions (Piedallu et al., 2011). Then we calculated 6 soil 
water-balance indices among the most commonly used ones for each month (Dyer, 2009; 
Granier et al., 1999; Stephenson, 1998): Actual evapotranspiration (AET), available water (Soil 
Water Content, SWC, Relative Extractible Water, REW) or water stress (Evapotranspiration 
Deficit, ED, Soil Water Deficit, SWD, Aridity Index, AI) (Table 1).  

 

2.3.3. Topography and bio-indicator indices 

We added six complementary indices describing topography or soil properties. Cosine of 
aspect (Cosa) captures the difference between northern and southern slopes, and complemented 
the set of variables describing available energy for plants. The topographic control on 
hydrological processes was described by the Topographic Wetness Index-TWI (Beven and 
Kirkby, 1979). We also used four maps elaborated with bio-indicator indices: temporary and 
permanent waterlogging (respectively TW and PW), pH, and the C/N ratio (Gegout et al., 2003; 
Piedallu et al., 2016). These maps were calculated using more than 100,000 NFI plots with 
floristic inventories. TW and PW range from -1 to 1, with lower values when more drought-
tolerant species are present. In the Mediterranean context of our site, they only presented 
negative values (Table 1), that we may interpret as drought indices. The pH and the C/N ratio 
respectively characterize soil acidity and nitrogen availability.  

 

2.3.4. Calculating climatic data per period 

For each year over the 2000-2012 period, the variables including climate data (Table1), 
which were calculated monthly, were averaged per period:   

 
 for SG: spring (spr: March to May), the growing season (gs : March to June), the 

year (January-June), 
 for RGRE: spring (spr: March to May), the growing season (gs : March to 

September), summer (su : June-August), and the year (year: January-September). 

The combination of indices with periods led us to evaluate 46 and 59 candidate predictors 
to explain SG and RGRE, respectively, which were extracted for each plot from the GIS layers. 

 

2.4 Dataset creation 
 
For the 3,146 initial 1-km² cells corresponding to forests, garrigue, or maquis according 

to the NFI map1, we extracted SG, RGRE, and the calculated ecological indices. Cells affected 
                                                           
1 http://inventaire-forestier.ign.fr/spip/spip.php?rubrique53 
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by land use changes or forest fires were removed by cumulating Corine Stand type changes 
recorded comparing 2000 to 2006 and then 2006 to 20122. Each of the 2,649 remaining cells 
were classified into three different vegetation groups according to yearly vegetation activity 
curves expressed by NDVI (Chéret and Denux, 2011), and to 15 stand types according to the 
NFI forest maps (Table 2, Figure 1). Group 1 (n = 888) was composed of mountain coniferous 
and deciduous species, with mainly Pinus uncinata, Abies alba, Fagus sylvatica, or Quercus 
stands (Table 2). Group 2 (n = 814) corresponded a group of Mediterranean xerophilous species, 
the main species were Quercus ilex or Q. suber. Group 3 (n = 947) included non-wooded 
garrigue or maquis and a few Mediterranean coniferous stands with Pinus halepensis and P. 
pinaster.  

 

Vegetation 
groups 

Stand types n SG RGRE  Precipitation Temperature 

   
mean std mean std mean std mean std 

 High forest of Pinus uncinata 172 3.03 0.43 82 8 212 59 6.2 1.1  
High forest of Abies alba 126 3.96 0.29 74 8 104 49 9.4 1.8 

 
High forest of Pinus sylvestris 50 3.56 0.27 69 12 104 39 9.8 2.3 

Group 1    High forest of Fagus sylvatica 93 3.84 0.22 78 7 85 35 10.7 1.7 

n=(888) Fagus sylvatica coppice 84 3.85 0.23 74 6 82 27 11.1 1.5 

 Castanea sativa coppice 77 3.83 0.13 80 7 68 10 12.8 1.0  
Quercus sp. Coppice 216 3.72 0.26 59 31 65 7 13.7 0.8 

 
Garrigue/maquis with Quercus 
pubescens 

70 3.41 0.30 48 28 62 5 14.2 0.8 

           

 
High forest of Pinus nigra 23 3.76 0.25 48 26 61 5 14.0 0.7 

Group 2 Quercus ilex coppice 329 3.70 0.28 15 52 60 7 14.1 0.8 

n=(814) Garrigue/maquis with Quercus 
ilex/suber 

393 3.39 0.37 -26 67 58 9 14.5 0.9 

 
High forest of Quercus suber 69 3.51 0.29 6 45 50 3 15.5 0.9 

           
Group 3 Garrigue/maquis non wooded 872 2.97 0.41 -83 89 51 9 15.1 0.9 
n=(947) High forest of Pinus pinaster 24 3.33 0.34 -49 56 48 7 15.4 0.4 

  High forest of Pinus halepensis 51 2.79 0.32 -71 67 44 6 15.7 0.5 

 

Table 2: Means and standard deviations (std) for SG, RGRE, rainfall, and mean temperature. 
All the values were calculated using means over the 2000-2012 period (n=2,649). Rainfall and 
temperature values were mean monthly values between March and September.  Stand types 
were sorted based on increasing temperatures. 

 

 

2.5 Modeling design 

We explored the links between SG, RGRE, and the selected ecological indices using a 
modeling approach based on linear regression. The analysis was carried out in two steeps: i) to 
determine the best predictors correlated to vegetation greenness in spring and summer, we 
evaluated the links between SG and RGRE for each predictor separately, and ii) we determined 
if different predictors could complement one another using multivariate models. For these two 
                                                           
2 http://www.eea.europa.eu/data-and-maps/data#c17=&c11=&c5=all&c0=5&b_start=0 
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approaches, models were built at three scales: i) the whole natural vegetation of the area, ii) the 
vegetation group, and iii) the stand type. For each model, we allowed the variables in linear and 
quadratic forms, corresponding to monotonic - increasing or decreasing - response curves, and 
bell-shaped response curves.  

 

First, we evaluated the part of variance explained by each of the 46 and 59 indices for SG 
and RGRE, respectively. Each NDVI index was modeled for each year from the 2000-2012 
period with the selected set of predictors, and the explained variance of the predictors was 
averaged over the 13 years. For each greenness index, the best-performing predictor was 
selected, and its relationships with SG and RGRE were described.   

Secondly, we used multiple regressions to evaluate if different predictors could be 
complementary to explain NDVI spatial variations. Values from the 2000-2012 period were 
gathered in the same dataset for SG and for RGRE. For each model, we selected the best 
correlated ecological index step by step, until the newly added variable was not statistically 
significant (P > 0.001). To limit multicollinearity, a new variable was not selected if its 
correlation with the previously selected ones exceeded Pearson's r = 0.7, or if the shape of the 
response curve was inverted by the other variables and its ecological meaning became 
inconsistent with ecological knowledge (Rameau, 1989). For each model, the response curves 
were interpreted according to their ecological relevance (Appendix B). The relative importance 
of each regressor contribution was evaluated using the averaging over ordering method (lmg) 
(Lindeman et al., 1980), identified as one of the most relevant and available in the relaimpo 
package (Gromping, 2006). Database management and statistical analyses were performed 
using R 3.1.2 software. 

 

3 Results  

 

3.1 SG and RGRE variations  

SG or RGRE values differed according to the vegetation, with globally decreasing values 
from group 1 to group 3, mainly for RGRE (Table 2). Vegetation responded to different 
patterns, with an important dynamic both in spring and summer for mountain coniferous and 
deciduous species, while Mediterranean xerophilous vegetation showed an SG increase in 
spring and various responses for RGRE in summer (Appendix C). In Quercus Ilex and Q. suber 
stands, RGRE remained practically stable in summer, while it decreased in non-wooded 
garrigue or maquis and Mediterranean coniferous stands harboring Pinus halepensis and P. 
pinaster. Besides, the spring NDVI increase was lower for these stands than for the other stands. 
Pinus uncinata forests displayed a specific pattern, with lower activity in spring but high 
activity in summer. 

For all stand types, SG variations among the different locations were relatively important 
(Table 2). For RGRE, stand types from group 1 were the most homogeneous, while stands from 
groups 2 or 3 showed the greatest standard deviation. This great variability mainly concerned 
the high forest of Pinus halepensis, Pinus pinaster or Quercus suber, Quercus ilex coppice, and 
non-wooded or Q. suber garrigue or maquis, suggesting various responses to environmental 
constraints. 
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3.2 Relationships between SG, RGRE, and each soil and climate predictor 

Annual values of SG and RGRE were strongly linked to some of the selected 
environmental indices, with explained variance reaching 68% for SG and 45% for RGRE. 
Substantial differences were found according to predictors and vegetation (Table 3). The 
correlations with environmental variables were generally higher for SG than for RGRE, and 
were stronger for energy variables (mean or minimum temperatures, and PET). The predictors 
of the soil water balance were often the most correlated with RGRE, mainly for summer ED or 
AI, with increasing intensity from group 1 to group 3. Vegetation belonging to group 1 and 
located in the coldest areas showed different responses to climatic variables, with a better 
performance of climatic water indices (R or CWB) to explain SG, and energy variables (mainly 
temperatures or AET) to explain RGRE. These differentiated units were high forest of Pinus 
uncinata, Abies alba, Pinus sylvestris, and Fagus sylvatica on the one hand, and Fagus sylvatica 
or Castanea sativa coppice on the other hand. RAD, Cosa, and PW were never among the best 
correlated variables. On the contrary, TW and soil nutrition (pH and C/N) regularly showed 
good performances and were among the most efficient variables, mainly for group 1 stands.  

 

 

 

 

 

 

 

 

 

 

Table 3.  SG or RGRE variance explained by each of the 20 selected ecological indices 
(in %), for the whole site (All), the 3 vegetation groups, and the 15 stand types. The average 
value of explained variance calculated for each year of the 2000-2012 period is given for each 
index. Climatic data were calculated for different periods of the year, so only the best 
performance was reported, and the period was identified in brackets: Sp = spring, Su = 
summer, Gs = growing season, Yr = year. The highest 3 performances are highlighted in grey 
for each vegetation type, with the best performance in dark grey. 

SG n Tmean Tmin Tmax RAD PET AET Cosa R CWB SWC AI ED REW SWD SWHC TWI TW PW pH C/N

All 34168 53(Sp) 51(Sp) 35(Yr) 06(Gs) 48(Gs) 25(Gs) 1 29(Gs) 39(Gs) 20(Sp) 37(Yr) 35(Yr) 32(Yr) 28(Gs) 1 19 26 14 36 4

Group 1 11544 61(Sp) 60(Sp) 55(Gs) 10(Gs) 61(Sp) 57(Sp) 1 54(Yr) 60(Yr) 04(Gs) 44(Yr) 23(Yr) 28(Yr) 10 (Gs) 4 0 10 6 5 48

Group 2 10313 25(Sp) 20(Sp) 17(Yr) 02(Yr) 19(Gs) 07 (Sp) 1 09 (Sp) 12 (Sp) 04 (Sp) 10(Gs) 12 (Yr) 08 (Yr) 07(Gs) 1 17 28 16 33 5

Group 3 12311 39(Yr) 36(Yr) 21(Yr) 03(Gs) 31(Yr) 21(Gs) 0 26(Gs) 30(Gs) 15(Gs) 28(Yr) 30 (Yr) 25 (Yr) 23(Yr) 1 9 14 13 16 3

High forest of Pinus uncinata 2236 42(Gs) 41 (Gs) 36 (Yr) 02 (Gs) 54 (Sp) 55 (Sp) 0 49 (Yr) 65 (Yr) 15 (Sp) 39 (Yr) 11 (Yr) 16 (Gs) 15 (Sp) 18 6 1 1 1 11

High forest of Abies alba 1638 58 (Sp) 58 (Sp) 63 (Sp) 07 (Sp) 60 (Sp) 61 (Sp) 0 64 (Yr) 66 (Yr) 04 (Sg) 39 (Yr) 32 (Gs) 33 (Gs) 09 (Gs) 2 14 2 2 18 57

High forest of Pinus sylvestris 650 42 (Gs) 42 (Sp) 52 (Gs) 22 (Gs) 58 (Sp) 54 (Sp) 6 47 (Yr) 52 (Gs) 11 (Gs) 36 (Gs) 35 (Gs) 36 (Yr) 18 (Gs) 4 2 12 3 25 57

High forest of Fagus sylvatica 1209 42 (Sp) 39 (Sp) 48 (Gs) 17 (Sp) 33 (Sp) 30 (Sp) 4 46 (Yr) 53 (Yr) 14 (Sp) 26 (Yr) 23 (Gs) 25 (Yr) 12 (Sp) 26 8 2 12 13 29

Fagus sylvatica coppice 1092 35 (Sp) 32 (Sp) 40 (Gs) 06 (Sp) 47 (Gs) 44 (Sp) 5 50 (Yr) 58 (Sp) 26 (Sp) 27 (Yr) 20 (Gs) 22 (Gs) 17 (Sp) 36 19 2 1 4 33

Castanea sativa coppice 1001 25 (Gs) 25 (Gs) 09 (Gs) 19 (Gs) 04 (Gs) 22 (Gs) 2 25 (Sp) 17 (Sp) 12 (Sp) 24 (Gs) 22 (Gs) 19 (Gs) 15 (Gs) 9 1 12 5 4 6

Quercus sp. Coppice 2808 28 (Gs) 29 (Yr) 26 (Yr) 02 (Sp) 18 (Yr) 09 (Sp) 0 06 (Sp) 10 (Yr) 04 (Sp) 07 (Sp) 08 (Sp) 07 (Yr) 05 (Gs) 2 4 6 2 7 6

Garrigue/maquis Quercus pubescens 910 26 (yr) 25 (Sp) 23 (Yr) 01 (Gs) 13 (Yr) 09 (Yr) 2 12 (gs) 11 (Yr) 03 (Gs) 09 (Yr) 08 (Yr) 08 (Yr) 05(Sp) 8 4 1 1 1 13

High forest of Pinus nigra 299 67 (Sp) 68 (Sp) 25 (Yr) 23 (Sp) 12 (Gs) 31 (Yr) 6 17 (Yr) 18 (Yr) 21 (Gs) 16 (Sp) 17 (Sp) 14 (Sg) 19 (Sp) 9 19 34 13 12 1

Quercus ilex coppice 4277 21 (Sp) 17 (Sp) 19 (Gs) 04 (Gs) 14 (Gs) 07 (Sp) 0 06 (Sp) 07 (Yr) 03 (Sp) 04 (Sp) 05 (Sp) 04 (Sp) 04 (Yr) 2 11 11 1 18 2

Garrigue/maquis  Quercus ilex/suber 4840 34 (Yr) 34 (Sp) 22 (Yr) 03 (Gs) 18 (Sp) 14 (Gs) 1 18 (Yr) 21 (Yr) 12 (Gs) 19 (Yr) 20 (Sg) 17 (Yr) 15 (Yr) 2 11 12 14 16 2

High forest of Quercus suber 897 26 (Gs) 17 (Sp) 33 (Yr) 14 (Sp) 32 (Gs) 15 (Sp) 6 16 (Yr) 23 (Yr) 11 (Sp) 20 (Yr) 24 (yr) 17 (Sp) 18 (Gs) 36 32 2 6 12 21

Garrigue/maquis non wooded 11336 35 (Yr) 33 (Sp) 16 (Yr) 02 (Gs) 28 (Gs) 22 (Gs) 1 25 (Gs) 29 (Gs) 17 (Gs) 28 (Yr) 29 (Gs) 25 (Yr) 22 (Sp) 3 15 31 15 33 5

High forest of Pinus pinaster 312 56 (Yr) 54 (Yr) 48 (Yr) 08 (Sp) 19 (Yr) 33 (Sp) 41 36 (Yr) 40 (Yr) 27 (Sp) 35 (Sp) 34 (Sp) 33 (Sp) 32 (Gs) 24 3 23 12 4 3

High forest of Pinus halepensis 663 31 (Sp) 25 (Gs) 15 (Gs) 05 (Gs) 20 (Gs) 12 (Gs) 1 18 (Gs) 24 (Yr) 06 (Sp) 16 (Yr) 17 (Yr) 13 (Yr) 15 (Gs) 4 1 8 6 4 3
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RGRE n Tmean Tmin Tmax SR PET AET Cosa R CWB SWC AI ED REW SWD SWHC TWI TW PW pH C/N

All 34168 34 (Sp) 34 (Yr) 23 (Yr) 05 (Yr) 34(Su) 42(Su) 2 32(Su) 36(Su) 33(Sp) 42(Su) 45(Su) 36(Sp) 36(Sp) 1 18 16 7 38 4

Group 1 11544 19(Sp) 18 (Yr) 18(Yr) 02 (Yr) 17 (Gs) 15 (Yr) 1 14 (Su) 17(Su) 08(Su) 15(Su) 17 (Yr) 14 (Gs) 13(Su) 3 4 1 1 13 11

Group 2 10313 10 (Gs) 09 (Yr) 05 (Yr) 02 (Yr) 08 (Yr) 16 (Su) 1 14(Su) 17 (Su) 09 (Gs) 17 (Su) 18 (Su) 13 (Gs) 13 (Sp) 3 6 19 8 19 3

Group 3 12311 15 (Gs) 16 (Gs) 05 (Yr) 05 (Su) 16 (Su) 26 (Su) 1 21 (Su) 24 (Su) 23 (Sp) 27 (Su) 27 (Su) 25 (Sp) 22 (Sp) 2 10 10 7 16 4

High forest of Pinus uncinata 2236 12 (Gs) 12 (Gs) 10 (Gs) 03 (Yr) 15 (Gs) 17 (Gs) 3 15 (Yr) 08 (Yr) 08 (Gs) 13 (Yr) 09 (Su) 08 (Su) 08 (Sp) 9 2 5 2 8 6

High forest of Abies alba 1638 14 (Su) 14 (Gs) 13 (Gs) 04 (Su) 12 (Sp) 11 (Yr) 0 14 (Yr) 14 (Yr) 08 (Su) 11 (Su) 11 (Su) 12 (Yr) 12 (Gs) 6 8 5 6 9 9

High forest of Pinus sylvestris 650 27 (Su) 27 (Su) 26 (Su) 17 (Yr) 20 (Yr) 21 (Sp) 4 22 (Gs) 22 (Gs) 13 (Su) 22 (Yr) 19 (Gs) 22 (Yr) 15 (Gs) 3 5 4 5 11 24

High forest of Fagus sylvatica 1209 05 (Gs) 06 (Gs) 06 (Gs) 06 (Su) 04 (Gs) 09 (Gs) 4 08 (Sp) 07 (Sp) 07 (Sp) 08 (Sp) 08 (Sp) 07 (Sp) 05 (Gs) 6 6 4 3 6 5

Fagus sylvatica coppice 1092 19 (Gs) 18 (Gs) 21 (Gs) 05 (Yr) 15 (Gs) 16 (Su) 3 17 (Su) 18 (Su) 07 (Su) 18 (Su) 20 (Yr) 14 (yr) 13 (Gs) 6 9 6 5 19 18

Castanea sativa coppice 1001 15 (Sp) 13 (Gs) 13 (Gs) 05 (Gs) 07 (Yr) 13 (Gs) 5 14 (Gs) 15 (Gs) 11 (Yr) 11 (Sp) 12 (Su) 11 (Yr) 11 (Yr) 1 11 27 3 27 13

Quercus sp. Coppice 2808 08 (Gs) 08 (Sp) 08 (Su) 02 (Su) 08 (Su) 08 (Su) 1 08 (Su) 08 (Su) 05 (Su) 11 (Gs) 11 (Gs) 10 (Gs) 08 (Gs) 1 9 3 2 1 2

Garrigue/maquis Quercus pubescens 910 06 (Gs) 06 (Gs) 06 (Gs) 02 (Gs) 07 (Su) 12 (Su) 7 16 (Su) 15 (Su) 04 (Gs) 11 (Su) 11 (Su) 06 (Sp) 13 (Su) 16 4 3 3 5 15

High forest of Pinus nigra 299 30 (Gs) 29 (Gs) 20 (Su) 26 (Gs) 12 (Yr) 22 (Gs) 23 24 (Su) 19 (Su) 19 (Yr) 21 (Su) 19 (Su) 15 (Su) 21 (Su) 15 1 29 12 17 17

Quercus i lex coppice 4277 07 (Gs) 05 (Gs) 07 (Gs) 03 (Gs) 08 (Gs) 07 (Gs) 1 10 (Su) 12 (Su) 04 (Gs) 11 (Su) 12 (Su) 10 (Gs) 10 (Gs) 3 14 5 8 1 6

Garrigue/maquis  Quercus i lex/suber 4840 16 (Gs) 18 (Gs) 09 (Yr) 04 (Gs) 15 (Gs) 24 (su) 1 19 (Gs) 22 (Su) 18 (Gs) 25 (Gs) 26 (Su) 23 (Gs) 21 (Gs) 3 14 15 4 18 4

High forest of Quercus suber 897 09 (Su) 14 (Su) 10 (Su) 06 (Gs) 05 (Su) 20 (su) 3 19 (Su) 15 (Gs) 04 (Yr) 18 (Su) 14 (Su) 09 (Sp) 13 (Gs) 4 1 1 1 1 16

Garrigue/maquis non wooded 11336 17 (Yr) 18 (Su) 06 (Yr) 04 (Su) 17 (Su) 29 (Su) 1 23 (Su) 26 (Su) 27 (Gs) 30 (Su) 31 (Su) 28 (Gs) 25 (Yr) 5 7 21 8 22 4

High forest of Pinus pinaster 312 20 (Su) 21 (Sp) 25 (Su) 18 (Yr) 15 (Yr) 15 (Yr) 13 15 (Su) 15 (Su) 12 (Gs) 17 (Sp) 15 (Su) 17 (Yr) 17 (Yr) 12 16 18 7 14 13

High forest of Pinus halepensis 663 10 (Gs) 15 (Gs) 18 (Su) 10 (Gs) 12 (Yr) 19 (Su) 2 15 (Su) 16 (Su) 19 (Yr) 19 (Su) 20 (Su) 19 (Gs) 17 (Yr) 5 9 16 9 11 2
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Spring Tmean and summer ED are most often the best predictors, so we selected them to 
further describe the ecological constraints linked to SG (Figure 2a) and RGRE (Figure 2b), 
respectively. We observed a positive effect of spring Tmean on SG (mainly for the high forest 
of Pinus uncinata, Figure 3a and Appendix Da) up to an optimum of 8°C, but with a negative 
effect when spring Tmean increased beyond that point (mainly for vegetation groups 2 and 3). 
RGRE did not vary significantly when summer ED was lower than 70 mm (Figure 3b), but 
decreased regularly where water stress grew more severe (stand types from groups 2 and 3 were 
mainly concerned; Figures 2b and 3b, and Appendix Db). 

 

Figure 2: Relationships between SG and spring Tmean (Tmean sp, a), RGRE and summer 
evaporation deficit (ED su, b) for the three vegetation groups. Each dot represents the average 
values over the 2000-2012 period (n = 2,649).    
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Figure 3: Distribution of SG (a) and RGRE values (b) across the 15 stand types. Each 
boxplot represents data from the 13 years over the 2000-2012 period (n = 34,168). The grey 
line represents the average spring Tmean and summer ED for each stand type. 

 

a 

b 
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3.3 Explaining SG and RGRE spatial variations using multivariate models. 

Our models performed better for SG (with an explained variance ranging from 18 to 70% 
for the different stand types) than for RGRE (8 to 42%). For SG, performance tended to 
decrease from group 1 to 3, while it tended to increase for RGRE, for which group 3 had the 
best performing models (Figures 4 a and b). With between 2 and 6 predictors per model, we 
showed that different variables were always complementary to explain greenness indices, but 
with substantial differences between SG and RGRE (Appendix E and F). Mild climates 
promoted spring greenness, particularly for the stand types belonging to group 1 (Figure 4a). 
The need for heat in spring is most often identified by an increasing response curve to Tmin or 
PET (Figure 5a). It is complemented in a lower proportion by the need for moisture and cool 
temperatures, represented in models by annual solar radiation or mean annual temperatures; 
their increase causes SG to decrease.  

High moisture availability was the most determining variable to explain high RGRE 
values, with growing intensity from group 1 to group 3 (Figure 4b). It was complemented by 
coolness, as RGRE decreased when temperatures were hot. Soil water balance predictors 
(mainly AI or ED) were the most efficient variables to characterize moisture availability for 
RGRE, but climatic variables (CWB or P), site characteristics (SWHC, TWI), and TW were 
also selected to model both SG and RGRE (Figure 5b). Moisture variables using climate 
information were often complemented by variables describing the local soil water reserve or 
lateral fluxes (SWHC, TWI). Soil nutrition also had a substantial effect, mainly on SG, with a 
positive effect on greenness when nitrogen availability was good and when the pH was acidic 
for the vegetation of group 1, and neutral for the vegetation of groups 2 and 3 (Figure 4a). 

4 Discussion  

By using a spatial approach, selecting stand types with reduced human activities, and 
removing areas submitted to land use changes, we avoided the influence of CO2 variations and 
limited the influence of anthropogenic factors, and were able to focus on abiotic stresses that 
limit vegetation dynamics. We identified the most influential ecological factors that limit spring 
and summer NDVI variations of the vegetation characteristics of mountain and Mediterranean 
biomes, with relevant differences between periods and stand types. We highlighted that 
different environmental factors should be taken into account to properly describe NDVI 
variations, including temperature, soil water availability, and soil nutrition.  

Temperature was one of the most explanatory factors, but it acted in different ways 
according to the season, the scale, and the stand type. Greenness was positively correlated with 
temperature in spring for mountain coniferous and deciduous species, but negatively correlated 
when temperatures rose, mainly for Mediterranean garrigue or maquis and coniferous stands. 
The effect of winter frosts on vegetation activity is well known (Forkel et al., 2015), with a 
negative influence that reduces the length of the growing season (Jin et al., 2014), while hot 
temperatures are known to decrease photosynthetic activity (Hew et al., 1969). During hot 
periods, high temperatures complemented low water availability to limit greenness. This can 
appear as contradictory with studies stating that water stress – as opposed to heat stress - is 
primarily implied in the decline of primary productivity  (Reichstein et al., 2007). Nevertheless, 
the negative effects of high temperatures on NDVI were already documented (Yao et al., 2018), 
and similar results have been found to explain NDVI changes (Buermann et al., 2014), tree 
productivity (Stangler et al., 2017), or plant distribution (Piedallu et al., 2016). In addition to 
the physiological effect of hot temperatures on plants, we probably selected temperature as a 
proxy of water stress because it is an important determinant of evapotranspiration, and 
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evapotranspiration is an important component of the water balance easier to estimate than the 
soil water reserve.   

Figure 4: Assessment of the SG (a) and RGRE (b) responses to climate and soil factors 
for the whole vegetation of the site, the 3 vegetation groups, and the 15 stand types. The 
percentage of explained variance is expressed in terms of ecological needs for the vegetation: 
for example a red bar shows that heat promoted greenness activity. Data from the 13 years of 
the 2000-2012 period were used to calibrate the models (n = 34,168). 
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Figure 5: Occurrence of the predictors selected to model SG (a) and RGRE (b), for the 
15 stand types. Sp = spring, su = summer, gs = growing season, yr = year, other = predictors 
not linked to a specific period of the year, Pot.wat.res. = Potential water reserve, Soil nutr. = 
soil nutrition. The sign indicates the slope of the response curve. 
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We observed these opposite effects of temperatures between different periods or stand 
types along an altitude gradient, but also within a given stand type. For example, high Pinus 
pinaster forest exhibited a positive response of RGRE to Tmin and a negative one to Tmean 
(Appendix F). These results can be related to studies about plant phenology or growth (Zhou et 
al., 2016). For example, Seynave et al. (2008) modeled the Fagus sylvatica site index and found 
a positive link with May temperatures and a negative one with July temperatures. When using 
mean temperatures, only the combination of these opposite effects is observed, and this can 
hide the smaller effects or weaken the link with temperature, as recently observed in different 
studies (Liu et al., 2015; Piao et al., 2014). We therefore recommend to include indices 
characterizing both frost and warm conditions to properly study NDVI patterns and trends.  

Water availability was also one of the main drivers of vegetation greenness in our models for 
the spring period as well as for the summer period, but even more so for the stands and seasons 
for which moisture was a limiting factor. This result is consistent with the decline of the vitality 
of certain tree species already observed in areas where rainfalls decrease (Scharnweber et al., 
2011), with a higher sensitivity to moisture in dry regions (Chen et al., 2014). We showed 
important differences in performances between the different variables describing the water 
constraint for plants. We found that rainfall, which is the most commonly used water variable, 
globally showed poor performances as compared to water balance indices, which were 
particularly efficient to explain NDVI variations when they took the soil water reserve into 
account. The lower performance of rainfall could agree with the absence of a link or a negative 
relationship with NDVI found in many studies (Fensholt et al., 2012; Guo et al., 2014). This 
result supports those of Peled et al. (2010), who showed a good correlation of soil drought 
indices with NDVI at the European scale. These variables were also often complemented by 
data describing site characteristics (SWHC, TWI), in agreement with Dorman et al. (2013), who 
demonstrated an effect of local conditions in addition to regional environmental factors during 
wet periods. Using an index that integrates temperature and water is particularly important in 
the current climate change context, which is characterized by a global increase of temperatures, 
but with a more heterogeneous trend as regards rainfall (IPCC, 2013). The better performance 
of the soil water indices and the differential trends in temperature and rainfall in a climate 
change context lead us to warmly recommend evaluating soil water balance variables in NDVI 
studies.  

Vegetation greenness was higher when nitrogen availability was good, and when the pH 
was acidic or neutral. A positive effect of nitrogen nutrition on plant growth had already been 
observed in agronomy and forestry (Bontemps et al., 2011), and experiments carried out on 
crops showed an influence on NDVI values (Zubillaga and Urricariet, 2005). In forests, a 
correlation between the leaf nitrogen content and NDVI has been established (Nestola et al., 
2018), and recent studies showed that NDVI could be a predictor of soil nitrogen in a small 
watershed (Jeong et al., 2017). We showed that nitrogen availability also influenced NDVI 
patterns when studying large forested areas, and for different stand types. We quantified its 
effect, which was important in spring for stands belonging to vegetation groups 1 and 2, 
suggesting an increase in vegetation growth when climatic conditions are favorable (mean 
temperatures around 8°C and limited water stress in spring). As for the pH, the bell-shaped 
response curve to SG for the stands harboring Quercus ilex or Q. suber or Pinus pinaster 
seemed relevant according to current knowledge about these species (Rameau et al., 2008). The 
higher greenness values related to low pH values, mainly found in the models for the whole 
vegetation or the 3 studied groups, was more surprising. However, it is consistent with the 
results of Walker  (Walker et al., 2003), who found lower NDVI values in northern Alaska on 
non-acidic parent material comparatively to acidic soils. The authors attributed this shift to 
differences in species composition and mainly shrub phytomass. Since we conducted our 
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research at the vegetation unit scale, differences in vegetation dynamics are a more likely 
explanation for our results. Different studies performed in a similar geographical context 
already evidenced a negative relationship between tree growth and pH values for different 
species (Charru et al., 2017; Seynave et al., 2008). The role played by soil acidity and nitrogen 
nutrition in our models demonstrates that it is important to include soil nutritional properties in 
research aiming to understand NDVI variations. If such variables are missing, long-term NDVI 
trends may be misinterpreted, and it may be impossible to disentangle the effects of climatic 
changes from those of nitrogen deposition or soil acidification.  

Taking all the stands together, we found a global threshold of mean temperature and soil 
water availability beyond which greenness activity decreased for SG and RGRE, respectively. 
This can appear as contradictory with the fact that the different stand types did not exhibit the 
same dynamic or the same response to environmental factors. The position of each stand type 
along the large ecological gradient in our study probably determined the nature and the range 
of the ecological constraints. NDVI increased for high-altitude vegetation (mainly Pinus 
uncinata) mainly in summer, since spring frosts drastically reduced values. For vegetation from 
the montane belt (Abies alba, Fagus sylvatica, Pinus sylvestris, …), the ecological conditions 
of the site seemed optimal: heat, water stress, and frost constraints were low. The highest SG 
and RGRE values were found in this area, corresponding to regional optimal growth conditions, 
modulated according to nitrogen availability. For the vegetation mainly located at low altitudes 
and based on garrigue, maquis, and forests harboring Quercus ilex, Q. suber, Pinus pinaster, or 
P. halepensis, vegetation activity mainly occurred in spring, and then the summer heat and 
drought significantly decreased NDVI values. All these differences among stand types were not 
visible when studying the full vegetation cover or the vegetation groups. These findings 
complement at the regional scale the results of large-scale studies showing that the sensitivity 
of vegetation to temperatures and rainfall varies along these environmental gradients (Quetin 
and Swann, 2017). Our results strengthen previous studies identifying heterogeneous NDVI 
responses to the environment between land cover (Djebou et al., 2015) or forest productivity 
responses between tree species (Charru et al., 2017). They also highlight how important it is to 
study vegetation dynamics at a finer scale than the biome or plant functional type scales to 
properly identify NDVI drivers.  

 

5 Conclusion  

 

The responses according to stand types demonstrate that different factors can contribute 
to the vegetation dynamics in a complex way, suggesting that prediction of NDVI patterns or 
changes should include a combination of these different, possibly interacting drivers. The 
models elaborated in this study can be used to simulate potential consequences of future 
environmental changes for the different stand types, or can help to improve process-based 
models (Hui et al., 2014). They can also be used as decision-support tools for foresters and land 
managers to understand and monitor the consequences of climate or soil changes. Our findings 
suggest that a warmer climate can benefit to vegetation greenness up to a threshold temperature 
and when summer temperatures and water deficit remain low. These conditions correspond to 
vegetation currently located in the montane belt under Mediterranean climates. For vegetation 
located in warmer areas, a temperature increase, a decrease in soil water availability, or a 
combination of both, is expected to reduce vegetation dynamics both in spring and summer. 
These results are in agreement with studies showing a decrease of forest productivity in the 
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Mediterranean context over the last decades (Charru et al., 2017). They also suggest that the 
greening observed under northern latitudes (Piao et al., 2011; Verbyla, 2008) could reverse if 
temperatures increase or water availability decreases, as already observed is some parts of the 
world (Liu et al., 2015). Our results strengthen research demonstrating that a warmer and dryer 
world could hamper ecosystem productivity over broad areas, with a considerable socio-
economic impact and significant consequences on carbon storage (Beck et al., 2011; Piao et al., 
2014). A better understanding and a more accurate simulation of the links between the 
environment and NDVI are currently a crucial stake to understand the effects of the global 
climate change on vegetation, monitor its consequences, and try to adapt our environment to 
future conditions. 
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SUPPLEMENTARY MATERIALS 

 

 

 
 

 

 

 

 

 

 

 

 

Appendix A: Typical temporal NDVI curve for Mediterranean shrubland, with the different 
periods used for calculating SG and RGRE. 
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For each model, the response curves were interpreted according to their ecological 
relevance. Increasing and decreasing responses to variables characterizing available energy for 
plants (Tmean, Tmin, Tmax, RAD, PET, AET) were classified as a need for heat or coolness, 
respectively. Increasing and decreasing responses to available water correspond to a need for 
moisture and to drought tolerance, respectively. Because they characterize soil and topography 
but not climate, SWHC and TWI were set in a particular category identifying a significant 
potential water reserve when their response curves increased and a low water reserve when they 
decreased. When response curves were bell-shaped, the relative importance of each part of the 
curve was evaluated, and its ecological meaning interpreted separately.   

 

  

Ecological needs corresponding to higher 
SG or RGRE values 

Corresponding response curves of the 
predictors 

Alkaline pH Increasing response to the pH 

Neutral pH Bell-shaped response to the pH 

Acidic pH Decreasing response to the pH 

Low nitrogen availability Increasing response to the C/N ratio 

Average nitrogen availability Bell-shaped response to the C/N ratio 

Good nitrogen availability Decreasing response to the C/N ratio 

Significant potential water reserve Increasing responses to SWHC or TWI 

Moisture Increasing responses to R, CWB, SWC, 
REW, AI, TW, and PW; decreasing 
responses to ED and SWD. 

Coolness Increasing responses to Tmean, Tmin, Tmax, 
RAD, PET, AET; decreasing response to 
Cosa. 

Low potential water reserve Decreasing responses to SWHC or TWI. 

Drought Decreasing responses to R, CWB, SWC, 
REW, AI, TW, and PW; increasing responses 
to ED and SWD. 

Heat Decreasing responses to Tmean, Tmin, 
Tmax, RAD, PET, AET; increasing response 
to Cosa. 

 

Appendix B:  Interpretation of the response curves calculated from our models in terms of 
ecological needs for the vegetation. 
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Appendix C:  Average values of SG and RGRE for the 15 stand types over the 2000-2012 
period.  
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Appendix D: Relationships between SG and Tmean sp (a), RGRE and ED sum (b) for the 
15 stand types. Each dot represents the average values over the 2000-2012 period (n = 2,649).  
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SG Variable 1 Variable 2 Variable 3 Variable 4 Variable 5 Variable 6 

All  +-Tmin gs  -RAD su  -PET gs  +TW  +-pH  -CN 

Group 1  +-Tmin gs  +PET yr  -RAD yr  +AI yr  -CN  -pH 

Group 2  +-Tmean gs  -RAD yr  +-pH  -CN   

Group 3  +-Tmin gs  +R yr  +TW  +-pH   

High forest of Pinus uncinata  +Tmin yr  +PET yr  -RAD yr  +SWHC  +TW  

High forest of Abies alba  +Tmin yr  -Tmax yr  +-PET sp  -CN  +-pH  

High forest of Pinus sylvestris  +PET yr  +SWHC  +TW  +AI sp  -CN  

High forest of Fagus sylvatica  +Tmax gs  +PET gs  -RAD yr  +Cosa  +SWHC  -CN 

Fagus sylvatica coppice  +PET gs  -RAD yr  +TWI  +SWC yr  -CN  +-pH 

Castanea sativa coppice  +Tmin gs  -Tmax yr  -RAD yr  -REW gs   

Quercus sp. Coppice  +-Tmean yr  +Tmin yr  +SWHC  -CN  -pH  

Garrigue/maquis harboring 
Quercus pub. 

 +Tmin gs  +SWHC  +CWB yr    

High forest of Pinus nigra  -Tmean yr  +Tmin yr  +TW  -CN   

Quercus ilex coppice  -Tmean yr  +PET yr  -TWI  -pH  -CN  

Garrigue/maquis harboring 
Quercus ilex/suber 

 +-Tmin gs  -TWI  -CN  +-pH   

High forest of Quercus suber  -PET yr  -SWHC  +CWB yr  -CN  +-pH  

Non-wooded garrigue/maquis   -Tmin gs  +TW  +R yr  +-pH   

High forest of Pinus pinaster  +-Tmean yr  +Tmin yr  +PET sp  +SWC yr  +-pH  

High forest of Pinus halepensis  -Tmean yr  +Tmin yr  +CWB yr  -TWI  -CN  

 

Appendix E: Relationships between SG and the environmental factors selected in the 
models for the whole vegetation of the site (All), the 3 vegetation groups, and the 15 stand types. 
+ or - indicate positive or negative relationships, respectively, while +- represents a bell-
shaped response curve. 
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RGRE Variable 1 Variable 2 Variable 3 Variable 4 Variable 5 Variable 6 

All  +Tmin gs  -ED yr  -pH    

Group 1  +-Tmean yr  +Tmin gs  + AI gs  +pH   

Group 2  +RAD sp  +CWB gs  -ED sp  -TWI  -pH  

Group 3  +- Tmax  -ED yr  +TW    

High forest of Pinus uncinata  -PET gs  +CWB yr  +TWI  +REW sp   

High forest of Abies alba  -Tmean yr  +TWI  +AI gs  -CN   

High forest of Pinus sylvestris  +R gs  +CWB su     

High forest of Fagus sylvatica  -Tmean yr  +AI sp  +SWHC    

Fagus sylvatica coppice  -Tmax yr  +AI yr  -pH    

Castanea sativa coppice  -Tmean yr  +Tmin su  +TW    

Quercus sp. Coppice  -Tmean yr  +Tmin gs  +SWHC  +AI gs   

Garrigue/maquis harboring  
Quercus pub. 

 -Tmax yr  -SWHC  +AI gs  +TWI  -CN  

High forest of Pinus nigra  -Tmean yr  +PET sp  -SWHC  -SWC yr   

Quercus ilex coppice  +RAD sp  -PET yr  +CWB gs  -TWI   

Garrigue/maquis harboring 
Quercus ilex/suber 

 -Tmean yr  +CWB gs  +TW  -ED sp  +SWHC  

High forest of Quercus suber  -Tmean yr  +CWB sp     

Non-wooded garrigue/maquis   -Tmean yr  -ED yr + TW    

High forest of Pinus pinaster  -Tmean yr  +Tmin gs  +R su + pH    

High forest of Pinus halepensis  +- Tmax sp  -ED gs  +TW  -SWHC   

 

Appendix F: Relationships between RGRE and the environmental factors selected in the 
models for the whole vegetation of the site (All), the 3 vegetation groups, and the 15 stand types. 
+ or - indicate positive or negative relationships, respectively, while +- represents a bell-
shaped response curve. 

 

 


