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Abstract 29 

This study links tree-ring growth and gross primary production for a variety of forest types under 30 

different environmental conditions across Spain. NOAA-AVHRR satellite imagery data were 31 

combined with dendrochronological records and climate data at a fine spatial resolution (1.21 km
2
) 32 

to analyze the interannual variability of tree-ring growth and vegetation activity for different forest 33 

biomes from 1981 to 2015. Specifically, we assessed the links between tree-ring width indices 34 

(TRWi), the Normalized Difference Vegetation Index (NDVI) and a variety of environmental 35 

conditions, represented by climatic variables (air temperature, precipitation, evapotranspiration and 36 

water balance) and elevation. The impact of these variables on tree growth was assessed by means 37 
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of the Predictive Discriminant Analysis (PDA). Results reveal a general positive and significant 38 

relationship between inter-annual variability of the NDVI at a high spatial resolution (1.21 km
2
) and 39 

tree-ring growth. Maximum correlations between NDVI and tree-ring growth were recorded when 40 

cumulative NDVI values were considered, in some cases covering long time periods (6-10 months), 41 

suggesting that tree growth is mainly related to Gross Primary Production (GPP) at annual scale. 42 

The relationship between tree-ring growth and inter-annual variability of the NDVI, however, 43 

strongly varies between forest types and environmental conditions. 44 

 45 

Key-words: vegetation activity, normalized difference vegetation index, annual tree-ring, forest 46 

growth, climate, Spain. 47 

 48 

1. Introduction 49 

Climate plays a paramount role, controlling the inter-annual variability of both gross primary 50 

production (GPP) and secondary growth of trees (Barber et al., 2000; Ciais et al., 2005; Lundqvist 51 

et al., 2018; Nemani et al., 2003; Olson et al., 2018; Rubio-Cuadrado et al., 2018). Under a 52 

changing climate scenario, the impacts of climate change related extreme events (e.g. droughts, heat 53 

waves) on tree growth appear as a main concern. Numerous studies have confirmed climate 54 

influence on forest GPP (e.g. Granier et al., 2007; Zhao and Running, 2010) and tree secondary 55 

growth as well (Camarero et al., 2015; Orwig and Abrams, 1997; Rötzer et al., 2012; Vicente-56 

Serrano et al., 2014). Nevertheless, the response of vegetation activity, as regards GPP and 57 

secondary growth, to climate variability can differ significantly over contrasting forest biomes, as a 58 

function of regional-scale climate characteristics, land cover, topographical gradient, etc. (Bhuyan 59 

et al., 2017; Gazol et al., 2018; Montserrat-Martí et al., 2009; Tognetti et al., 2007).  60 

Growth and productivity can differ among populations of the same tree species living under 61 

different climate conditions (Peguero-Pina et al., 2007). For example, del Castillo et al. (2015) 62 
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indicated that leaf activity and radial growth of the Aleppo pines have different response patterns to 63 

precipitation in eastern Spain. More recently, Gazol et al. (2018) confirmed that the resilience of 64 

forests to the occurrence of drought events in Spain is different considering leaf activity or tree-ring 65 

growth. As such, it is important to assess the possible links between climate determinants and GPP 66 

and secondary tree growth. This assessment is also desired for a better understanding of the 67 

influence of different projected scenarios of climate change on forest growth and productivity 68 

(Sánchez-Salguero et al., 2017).  69 

Nonetheless, as opposed to the long-term time-series of secondary growth of trees obtained 70 

using dendrochronological techniques (Grissino-Mayer and Fritts, 1997), long-term measurements 71 

of GPP are not widely available. This temporal inconsistency makes it difficult to directly assess the 72 

relationship between GPP and secondary growth across different biomes. However, with the 73 

advancement in remote sensing instruments and techniques, vegetation information derived from 74 

different satellite platforms, which extends back to the early 1980s, can be a valuable resource as a 75 

reliable surrogate for GPP primary production data of trees. Specifically, different vegetation 76 

indices can be calculated with spectral radiometric information. On one hand, these indices are 77 

closely related to different vegetation features, while they can give indications on the trees’ primary 78 

above-ground productivity on the other hand. Among all these indices, the most common is the 79 

Normalized Difference Vegetation Index (NDVI), which shows strong relationship with 80 

photosynthetically active radiation (Myneni et al., 1995), the leaf area index (Baret and Guyot, 81 

1991; Carlson and Ripley, 1997) and the total green biomass (Cihlar et al., 1991; Gutman, 1991; 82 

Tucker et al., 1983; Wylie et al., 2002). The NDVI has widely been used for several purposes, 83 

including the analysis of vegetation trends (Herrmann et al., 2005; Zhou et al., 2001) and their 84 

relationships with climate variability and droughts (Kogan, 1997; Vicente-Serrano, 2007).  85 

Several studies have used NDVI data as key input in net primary production (NPP) models 86 

because of their relationship (e.g., Nemani et al., 2003; Zhao and Running, 2010), but NDVI is not a 87 
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direct metric of the NPP. What the NDVI really represents is the gross primary production (GPP); 88 

in other words the vegetation photosynthetic activity or the photosynthetically active radiation 89 

obtained by vegetation (Myneni et al., 1995). Part of this energy obtained by vegetation is 90 

consumed in respiration processes, and the remaining is the NPP, which includes the primary and 91 

secondary growth but also flowers, fruits, etc. Tree-ring growth can be considered a good 92 

integrating variable (Grissino-Mayer and Fritts, 1997). Therefore, the NDVI can be employed to 93 

assess the possible links between primary production and secondary forest growth variability 94 

(Kaufmann et al., 2008; Vicente-Serrano et al., 2016; Pasho and Alla, 2015). 95 

Current available datasets of NDVI cover in some cases, more than 30 years of time (e.g. 96 

Pinzon and Tucker, 2014). This allows combining NDVI, as a proxy of primary productivity, with 97 

tree-ring width series. In this context, several studies have already found positive and significant 98 

relationships between NDVI and radial secondary growth (tree-ring width) across different forest 99 

types worldwide (e.g. Alla et al., 2017; Coulthard et al., 2017; Leavitt et al., 2008; Liang et al., 100 

2009; Lopatin et al., 2006; Malmström et al., 1997). Nonetheless, these relationships are complex 101 

and varies widely across different climate regions, forest types and biomes (Bhuyan et al., 2017; 102 

Gazol et al., 2018) and they are characterized by contrasting responses according to the period of 103 

the year in which NDVI is recorded and averaged (Vicente-Serrano et al., 2016). According to 104 

Gough et al. (2008), the cumulative NDVI values over determined periods can be seen as better 105 

proxies of the total NPP, which strongly determines secondary growth.  106 

The existing studies focusing on the links between NDVI and secondary growth are usually 107 

based on the Global Inventory Monitoring and Mapping Studies (GIMMS) dataset, which is the key 108 

reference for temporally homogeneous global NDVI datasets (Pinzon and Tucker, 2014; Tucker et 109 

al., 2005). Nonetheless, the utility of the GIMMS NDVI is mainly constrained by its very low 110 

spatial resolution (ca. 8 km). While this low spatial resolution may  not be critical in boreal 111 

homogeneous landscapes, given that the same forest can dominate over large areas, this resolution 112 
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remains questionable in more heterogeneous areas, hindering the comparison between GIMMS 113 

NDVI and site tree-ring width series. These limitations increase with increasing landscape 114 

complexity. A good example is Mediterranean-type ecosystems, where vegetation exhibits strong 115 

spatial heterogeneity. The global patterns of response of tree-ring growth to NDVI time-scales, 116 

described in Vicente-Serrano et al. (2016), cannot be completely representative of the highly-117 

diverse Mediterranean region.  118 

The aim was to analyze the relationships between NDVI and tree-ring width series, as 119 

reliable proxies of primary production and secondary growth, respectively. To accomplish this task, 120 

we employed a very dense network of tree-ring width chronologies (n = 566 forests), covering 16 121 

dominant forest tree species. This dataset comprised the diverse climatic and environmental 122 

conditions found across the Spanish Peninsula and the Balearic islands. Our specific objectives 123 

were: i) to determine the relationships between NDVI and tree-ring width for different tree species 124 

representing different forest biomes in Spain, and ii) to assess the relative contribution of tree 125 

species and environmental conditions to the different patterns of relationships observed between 126 

NDVI and tree-ring width.          127 

    128 

2. Material and methods 129 

2.1. Normalized Difference Vegetation Index (NDVI) dataset 130 

We employed a recently developed high (1.21 km
2
) spatial resolution NDVI dataset, spanning the 131 

entire Spanish peninsula and the Balearic Islands. This dataset was developed using daily afternoon 132 

passes of the NOAA-AVHRR images from 1981 to 2015. These images were subjected to a 133 

complete calibration, quality control, geometric matching, cloud removal and topographic 134 

correction. After the calculation of the NDVI, the daily images were aggregated into semi-monthly 135 

composites by means of the Maximum Value Composite (MVC) technique. The images were also 136 

filtered to reduce the presence of noise associated with the processing method. The quality and 137 
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accuracy of this dataset was verified, given its strong temporal coherence in comparison to the 138 

GIMMS dataset, but with a higher spatial resolution. Further details about the processing and 139 

characteristics of the NDVI dataset are outlined in Martín-Hernández et al. (2017). 140 

  141 

2.2. Tree-ring dataset 142 

We used tree-ring width data obtained using dendroecologic methods and covering most of the 143 

forests in the Spanish Peninsula and the Balearic Islands (Figure 1). The forest sampling was not 144 

specifically designed for this research so we used forest samples collected by a number of research 145 

teams in Spain during the last two decades. The available samples are comparable since they used 146 

standard and common criteria when they were collected in the field. For each forest, a minimum 147 

number of 10-15 apparently healthy and dominant or codominant trees were selected and cored at 148 

1.3 m using Pressler increment borers to extract 2-3 cores per tree, usually samples perpendicular to 149 

the maximum slope. For each studied stand, geographical coordinates (latitude, longitude) and 150 

elevation were recorded. Wood cores were carefully sanded to facilitate the estimation of rings and 151 

then then these samples were visually cross-dated. After that, using binocular microscopes and tree-152 

ring measurement devices (Lintab, F. RinnTech., Germany; Velmex Inc., USA), tree-ring width 153 

was measured with a 0.01 mm resolution. COFECHA (Holmes, 1983) was used to check the 154 

accuracy of visual cross-dating and measurements. This procedure calculates moving correlations 155 

between each individual tree-ring series and the mean site series to check the visual cross-dating. 156 

Tree-ring width measurements were converted into residual ring-width indices (Fritts, 157 

1976). First, the individual series of tree-ring widths were detrended using a negative exponential 158 

curve and residuals were obtained by dividing the observed values by the fitted ones. Second, the 159 

individual standardized series were averaged into site mean or master chronologies of tree-ring 160 

width indices (hereafter TRWi) using bi-weight robust means to reduce the effects of outliers. The 161 

mean site-level or master chronology reflects the year-to-year variability in radial growth of a 162 
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variable number of trees of the same species growing at the same forest (see Table 1). The 163 

detrending process allowed removing the low- to mid-frequency variability, while keeping the high-164 

frequency variability and the first-order autocorrelation since no autoregressive model was fitted to 165 

the TRWi. The species with a higher number of sampled forests were Pinus halepensis (117 166 

forests), followed by Pinus sylvestris (76) and Pinus nigra (66). The most intensively sampled 167 

hardwood species were: Fagus sylvatica (51), Castanea sativa (10), and Quercus species. The 168 

location of the sampled forests is shown found in Figure S1.  169 

 170 

2.3. Methodology of combining NDVI And TRWi 171 

2.3.1. Patterns and relationships between NDVI and tree-ring width series 172 

The NDVI data can be affected by trends in the time series as a consequence of different factors 173 

including CO2 fertilization (Donohue et al., 2013), and forest densification (Vicente-Serrano et al., 174 

2004). For this reason, and to be comparable with the available de-trended tree-ring series, we 175 

proceeded to detrend the semi-monthly NDVI. For this purpose we used a linear regression analysis 176 

to fit NDVI (dependent variable) with time (independent variable). The residuals of the model were 177 

summed to the average of the entire semi-monthly period to have detrended NDVI series. To 178 

quantify the NDVI-TRWi associations, we calculated Pearson correlation coefficient between the 179 

annual TRWi and the detrended semi-monthly NDVI series at each forest site. Since the cumulative 180 

NPP over long periods can give better estimations of tree-ring width than that of shorter periods 181 

(Gough et al., 2008; Zweifel et al., 2010), we preferred to correlate the annual TRWi with the NDVI 182 

summarized at different time scales (for NDVI time scales, we referred to the average NDVI over 183 

the previous n biweekly periods). This is simply because linking TRWi with semi-monthly NDVI 184 

can give less reliable results (see Vicente-Serrano et al., 2016). In contrast, the use of the 185 

cumulative past NDVI conditions (referring to NDVI time scales), usually provides better 186 
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relationship with tree-ring growth, as observed in different studies (Arzac et al., 2016; Pasho et al., 187 

2011; Vicente-Serrano et al., 2014). 188 

For NDVI time scales, we referred to average NDVI over the previous n semi-monthly 189 

periods (i.e., two per month). We then correlated the TRWi series with the 24 NDVI semi-monthly 190 

series at time scales varying from 1 to 24 semi-monthly periods (i.e., two years). Considering the 191 

NDVI values for the previous year allows to account for any possible lag effect, given the possible 192 

impact of tree activity and climate conditions during the previous year (Fritts, 1976). For each site 193 

chronology (mean TRWi series), we obtained 2304 correlations (48 semi-monthly periods × 48 194 

time-scales). This procedure allowed for determining the period with strongest correlation in the 195 

two years. 196 

The patterns of correlations between the TRWi and the NDVI series was summarized using 197 

a S-mode Principal Component Analysis (PCA; (Richman, 1986)). A correlation matrix was used to 198 

calculate the Principal Components (PC), and the components were obtained from the original 199 

correlation coefficient values using the weight coefficients of each forest in each component. The 200 

number of retained components was defined based on the percentage of the total explained variance 201 

following the results of the scree-plot. We also mapped the PC loadings to identify represented 202 

forests by each component using the available semi-monthly temporal resolution available in the 203 

NDVI series, of course including the different cumulative NDVI time scales, from 1 to 24 semi-204 

monthly periods. Finally, each forest was classified by means of a maximum loading rule.  205 

 206 

2.3.2. Factors explaining the spatial differences in the NDVI-TRWi correlations 207 

Different sources of information were used to determine the influence of biophysical and climate 208 

variables on the relationships between the TRWi chronologies and the different NDVI time-scales. 209 

First, we assessed the tree species dominating the forest based on the basal area, and their 210 

corresponding average NDVI values. Second, we focused on climatic variables [e.g. annual 211 
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precipitation and mean air temperature and the water balance, defined as the difference between 212 

precipitation and reference evapotranspiration (ETo)]. The ETo was calculated following the FAO-213 

56 Penman-Monteith equation (Allen et al., 1998). The climate data were provided at a grid interval 214 

similar to that of the NDVI using a newly developed weekly gridded dataset for Spain. This dataset 215 

was created using a universal kriging algorithm using elevation as auxiliary variable. Details of the 216 

meteorological data processing and the specific gridding and validation methods can be found in 217 

Vicente-Serrano et al. (2017). 218 

In order to summarize the role of these climatic and environmental conditions and explain the 219 

relationship between the TRWi and the NDVI time-scales, the average values for these 220 

geographical variables corresponding to each forest were obtained. The contribution of these 221 

variables to the spatial differences in the patterns of TRWi response to the NDVI was illustrated by 222 

means of different box plots and quantified using a Predictive Discriminant Analysis (PDA) (Hair et 223 

al., 1995; Huberty, 1994). PDA allowed assessing which predictors contributed more to the PCs that 224 

summarized the TRWi-NDVI dependency. The tree species were included in the PDA as a binary 225 

variable, so each tree species was included in the analysis as an individual variable. 226 

 227 

3. Results 228 

3.1. Patterns of relationship between NDVI and TRWi 229 

Figure 2 summarizes the maximum Pearson correlation between NDVI and TRWi, the semi-230 

monthly period at which the maximum correlation is recorded and the NDVI time-scale at which 231 

the maximum correlation is recorded. The results are provided for each tree species. In general, the 232 

maximum correlations did not show clear differences among tree species, albeit with slightly higher 233 

correlations found for P. halepensis forests (the species with the highest number of sampled stands; 234 

117). Notably, the maximum correlation between NDVI and tree-ring growth is recorded at shorter 235 

time-scale (< 10 semi-monthly cumulative periods). Nevertheless, although the magnitude of 236 
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correlations and time-scale at which maximum correlation is recorded are quite similar among all 237 

species, there are important differences in the semi-monthly period at which maximum correlation 238 

was recorded. For instance, in fir species (Abies alba and A. pinsapo) highest NDVI-TRWi 239 

correlations appeared much earlier than those observed for tree species located in drier areas (P. 240 

halepensis, P. pinaster, P. nigra, Juniperus thurifera, and Quercus ilex). Something similar 241 

occurred with species predominating in cold and often wet mountainous areas (e.g. P. sylvestris and 242 

P. uncinata) that showed the strongest response earlier than species located in drier areas.  243 

The principal component loadings showed different patterns of correlation between the cumulative 244 

NDVI and the annual TRWi (Figure 3). The first Principal Component (PC1) represented the 245 

highest percentage of the total explained variance (42.1%), with the maximum correlations between 246 

NDVI and TRWi found considering NDVI at time-scales of 10-20 semi-monthly periods at the 247 

semi-monthly period 45 (i.e. second half of November). There is a coherent pattern, with NDVI-248 

TRWi correlations that increase in agreement with higher NDVI cumulative periods with the 249 

maximum for NDVI values from March to November of the year in which the growth is recorded. 250 

The second Principal Component which explained a much lower proportion of the total variance  251 

(PC2; 13.1%) also showed a coherent pattern, with the maximum correlation recorded NDVI time 252 

scale throughout 15-20 semi-monthly periods, but in the semi-monthly period 26 (second half of 253 

January). This means that the cumulative NDVI values between June of the previous year to 254 

January of the year of tree-ring formation showed the highest correlation with TRWi. The third 255 

Principal Component (PC3; 10.1% of total variance) showed the maximum correlation between 256 

NDVI and TRWi around the semi-monthly period 34 (first half of March) considering a cumulative 257 

NDVI in a period between November and March. Finally, the remaining Principal Components 258 

(PC4-PC6) explained low percentages of the total variance (<7%), suggesting random patterns, 259 

which were quite difficult to interpret (Figure 3).  260 
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The Figure 4 shows the spatial distribution of the PC loadings corresponding to each PC. 261 

PC1 almost showed higher loading values over a high percentage of all forests, summarizing the 262 

general pattern of relationships between TRWi and NDVI in the whole Spain. Furthermore, the 263 

importance of PC1 is three times higher than the PC2. In comparison to PC1, PC2 showed higher 264 

loadings for a lower number of forest, but they were distributed across different regions of Spain. 265 

PC3 showed higher loadings for forests located mainly in the Pyrenees (northeastern Spain), 266 

whereas PC4 high loadings are distributed along the Pyrenean, besides other forests located in 267 

different regions of the country. As opposed to other PCs, both PC5 and PC6 did not reveal clear 268 

spatial patterns, with a lower percentage of forests and even very distant forests (PC6). 269 

The patterns of the relationship between NDVI time scales and the TRWi is presented in 270 

Figure 5. PC1 showed higher loadings than other components, suggesting that this pattern 271 

represents a high percentage of forests in Spain. Nevertheless, higher PC loadings were found for 272 

evergreen conifers, mainly living in semi-arid to drought-prone areas (e.g. P. halepensis, P. 273 

pinaster, P. pinea and J. thurifera). The pine species dominating in colder and more humid regions 274 

(e.g. P. sylvestris and P. uncinata) showed lower loadings values. Among the oak species, the 275 

evergreen Q. ilex exhibits the highest loadings. The remaining PCs showed lower loadings, but with 276 

some interesting patterns. For example, PC2 showed higher loadings for C. sativa and Q. robur. 277 

Similarly, PC3 indicated higher loadings for A. alba, P. uncinata and F. sylvatica, which prevail in 278 

cool and wet conditions or in moist and temperate regions. 279 

A cluster analysis of forests according to the maximum loading rule showed that PC1 280 

accounts for 304 forests, in comparison to other PCs (e.g. PC5 [69], PC2 [66] and PC4 [64]) (Table 281 

2). Notably, PC1 covered the majority of pine forests, apart from P. sylvestris and P. uncinata, 282 

which are also well-presented in PC3 and PC5. The highest percentage of A. alba was recorded in 283 

PC3, while F. sylvatica shows a higher percentage in PC4. 284 

 285 
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3.2. Factors explaining the different patterns of NDVI-TRWi couplings 286 

Here we present the comparison between the different PC groups of link between the TRWi and the 287 

NDVI time scales and the different environmental characteristics (e.g. air temperature, 288 

precipitation, etc.) of the forests included in each PC group. Figure S2 summarizes the average 289 

monthly NDVI in the different PC groups. As depicted, there were no clear differences between PC 290 

groups during the cold season. Nevertheless, during the warm season, there were significant 291 

differences between PC1 and the remaining groups. The average NDVI values of PC1 were lower 292 

than those of other PCs during summertime (JJA), indicating that forests represented by this 293 

component tended to show lower average NDVI values than other forests. Notably, the highest 294 

average NDVI values were recorded for PC3 during summer season.  295 

In addition to lower average NDVI values, the forests represented by PC1 corresponded to 296 

climates with higher air temperature (Figures S3 and S4), compared to other PCs. This feature was 297 

more pronounced during the warm season. Results also revealed that PC2 showed higher average 298 

maximum and minimum air temperatures than PC3 and PC4. These PCs exhibited the lowest 299 

averages of air temperature, especially for minimum air temperature. For ETo, PC1 incorporated 300 

forests located in dry-warm areas, with higher ETo values than other PCs. This was mostly 301 

observed during the warm season, given that ETo is a limiting factor of forest growth in Spain 302 

(Figure S5). On the contrary, PC3 and PC4 groups corresponded to forests located in areas 303 

characterized by lower ETo values.  304 

Considerable differences in the average precipitation values recorded for the different PC 305 

groups were found (Figure S6). PC1 represented not only the forest group characterized by the 306 

lowest NDVI values, highest temperatures and ETo, but it was also the group of forests 307 

characterized by the lowest average annual precipitation. PC2 was also characterized by low 308 

average precipitation values throughout the year. In contrast, PC3 and PC4 were characterized by 309 

forests located in areas with higher average precipitation values, even during the dry season. 310 
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Finally, the water balance, defined as the difference between precipitation and ETo, was 311 

summarized for the different forest groups (Figure S7). PC1 and PC2 corresponded to forests 312 

characterized by negative water balance, especially from March to September. This suggested that 313 

the forests corresponding to PC1 were located mainly in sites with semi-arid climate conditions. On 314 

the other hand, PC3 and PC4 showed the higher values for water balance during the warm season.  315 

Overall, our findings suggested that TRWi link with NDVI time-scales for the large sample 316 

of forests analysed in this study was controlled mainly by the dominant tree species in every forest 317 

and the climatic characteristics. This was noticeably confirmed with the Predictive Discriminant 318 

Analysis (PDA) that accounts for the relative contribution of each factor to TRWi-NDVI 319 

dependency. Table 3 shows the centroids of the groups obtained through a PCA corresponding to 320 

the first three functions of the PDA and the percentage of variance explained by each of these 321 

functions. The first function showed the highest predictive power, representing 52.8% of the total 322 

variance of the PDA. The second and third functions represented 19.7% and 12% of power, 323 

respectively. The first function suggested negative values for PC1 and positive values for the 324 

remaining components, with the highest values found for PC3. The second function showed its 325 

maximum values for PC3 (positive) and PC4 (negative), which means that this function extracted 326 

some features of the independent variables that maximize the characteristics of the forests 327 

represented by these two components.  328 

The structure matrix indicated the correlation of each predictor with the three discriminant 329 

functions (Table 4). Function 1 showed negative values for the presence of P. halepensis forests in 330 

phase with negative values of PC1 in the first function. This suggested that  the occurrence of 331 

forests characterized by a response between TRWi and the different time-scales of the NDVI was 332 

favored in semi-arid (positive values of the climate water balance during the growing season) P. 333 

halepensis forests located in low elevations (given positive value of elevation in PDA1 = 0.43), low 334 

average NDVI values during the period of vegetation activity (positive values of the NDVI from 335 
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June and October in PDA1), high average temperature and ETo values across the year (negative 336 

values of these variables in PDA1) and low precipitation (positive values in PDA1). These 337 

conditions were completely the opposite to forests characterized by PC3, which show high positive 338 

values for the first PDA function. This indicates that PC3 pattern was more common in mountain 339 

cool-wet A. alba and P. uncinata forests, which show positive values in the first PDA function, 340 

located at high elevations, with high average NDVI values during the growing season (June to 341 

October) but negative during winter months with snow coverage and low vegetation activity. In 342 

addition, the climate characteristics of PC3 pattern were markedly different from those of PC1, 343 

given that this pattern was mainly identified in forests characterized by low temperatures and ETo 344 

and general humid conditions. 345 

The second PDA function had lower predictive capacity, but with positive values for PC3 346 

and negative values for PC4. A negative value for this second function is obtained for F. sylvatica 347 

forests, indicating that PC4 pattern was dominant in forest of this species. This pattern was mainly 348 

characterized by low temperatures and ETo and high precipitation and climate water balance. In the 349 

same context, PC2 was better discriminated by the third PDA function, with a value of 0.53. This 350 

PC did not show a clear connection with any forest type, albeit with the positive values found for 351 

temperate Q. robur forests across wet areas. This pattern was favored by positive average NDVI 352 

values during the warm season and positive values of precipitation during the cold season.  353 

 354 

4. Discussion and conclusions 355 

This is the first time that the relationship between the interannual variability of the tree-ring growth 356 

(TRWi) and the GPP has been established for a variety of forest types under different 357 

environmental conditions across Spain. The innovation of this work is mainly related to the high 358 

spatial resolution (1.21 km
2
) of all input data (e.g. NDVI, climatic data) used for this analysis. This 359 

detailed spatial information is extremely important to account for the local-scale environmental 360 
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signals influencing the growth of these tree species and to reduce the noise associated to other 361 

vegetation types. The high resolution of the spatial data used is also enhanced by a high temporal 362 

(semi-monthly) resolution of the NDVI dataset, combined with a dense tree-ring network across 363 

different forest ecosystems in Spain (see Gazol et al., 2018).  364 

The obtained results are also important to confidently compare GPP and secondary growth 365 

in complex and heterogeneous landscapes, which is a typical feature of the Mediterranean region. 366 

Although numerous studies have already compared the NDVI with tree-ring growth over 367 

homogeneous forest types, particularly in high-latitude regions (e.g. Lopatin et al., 2006); 368 

Kaufmann et al., 2008; Kaufmann et al., 2004), these studies employed coarse resolutions data (64 369 

km
2
), mainly the GIMMS dataset. This dataset has frequently been employed to assess the 370 

relationships between vegetation activity and tree-ring growth in complex landscapes (e.g. 371 

Coulthard et al., 2017; Vicente-Serrano et al., 2016). However, there remains a degree of 372 

uncertainty in results obtained based on the GIMMS dataset, particularly at the regional scale. This 373 

uncertainty originates mainly from the very low spatial resolution of this product, where multiple 374 

cover types can predominate within an individual pixel. Here we accounted for this kind of 375 

uncertainty by considering a high-resolution NDVI dataset. 376 

Overall, our findings suggested a positive and significant relationship between the 377 

interannual variability in NDVI and the secondary growth measured by means of tree-ring growth 378 

series (TRWi). We found similar average correlations among all different forest types. Although 379 

this finding seems coherent with what has been evidenced using data of lower spatial resolutions 380 

(e.g. Berner et al., 2013; Kaufmann et al., 2008; Vicente-Serrano et al., 2016), our results based on 381 

high spatial resolution and long-term coverage of the NDVI data confer more reliability to these 382 

results. We noted that the magnitude of the maximum correlation between the TRWi and the semi-383 

monthly NDVI series was quite similar between the semi-arid P. halepensis lowland forests and the 384 

wet-cool A. alba mountain forests. Similar maximum correlations were also found for other tree 385 
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species from xeric and mesic sites (Coulthard et al., 2017). This suggested that, irrespective of 386 

forest type and tree species, secondary growth is favored by a high GPP, leading to higher carbon 387 

sinks. There are few experimental studies that have tackled this issue by comparing the relationship 388 

between GPP and secondary growth in forest ecosystems, and in general they showed agreement 389 

between both variables (Babst et al., 2014a; Poulter et al., 2013) both in cold and humid forests 390 

(Krause et al., 2012, Kraus et al., 2016) and in warm and xeric areas (Tognetti et al., 2007). 391 

This study demonstrates that the maximum correlations found between NDVI and tree-ring 392 

growth were recorded considering cumulative NDVI values, in some cases covering long time 393 

periods (6-10 months). This suggests that tree growth is strongly related with GPP at annual scales, 394 

since wood production would be related to the accumulation of the carbohydrates synthesized 395 

during long periods (Cuny et al., 2015). Secondary growth would be a metric of long-lasting 396 

cumulative production (Gough et al., 2008), as carbon must first be used for primary growth in 397 

order to form shoots, buds, leaves and fine roots (Stoy et al., 2009). Moreover, temporal lags may 398 

be expected due to particular physiological processes. One example can be found during 399 

xylogenesis, where there is a delay from the development to the lignification of cells that form the 400 

wood (Cuny et al., 2015). Over Spain, the observed patterns stress that the highest positive and 401 

significant correlations between NDVI and TRWi across the different analyzed forests are obtained 402 

for long time spans of NDVI accumulation.   403 

Albeit this general positive and significant correlation of TRWi with cumulative NDVI 404 

values, we found that the magnitude of this relationship strongly varies between forest types and 405 

environmental conditions (Gazol et al., 2018). There are some dominant patterns of cumulative 406 

NDVI-TRWi correlations in the different forest types of Spain. These patterns were very coherent 407 

in the shape of this relationship, but also in the characteristics of the tree species involved. As 408 

regards the dominant pattern, it is characterized by the highest correlation recorded with a 10-month 409 

cumulative NDVI period in November of the year in which the tree-ring is formed. This robust 410 
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signal was mainly recorded in evergreen tree species located in the semiarid and sub-humid regions 411 

of Spain. It represented conifers, such as P. halepensis, P. pinaster, P. nigra, P. pinea and J. 412 

thurifera, but also the evergreen oak Q. ilex, which was able to inhabit drought-prone areas. These 413 

species were characteristics of semi-arid to dry Mediterranean climates. Although they record low 414 

average precipitation and climate water balance values, these species show a very good 415 

acclimatization to these dry conditions. Even during the strong summer dryness that characterizes 416 

their area of distribution, these species are relatively drought tolerant (Zavala et al., 2000), while the 417 

GPP during these long periods would affect the annual tree-ring growth (Camarero et al., 2010). 418 

The significant contribution of summer season to explaining forest growth was also recorded in oak 419 

species from dry Mediterranean and sub-Mediterranean areas (Q. faginea and Q. pyrenaica), also 420 

represented by this pattern of response. Irrespective of summer dryness occurrence, these species 421 

form part of the annual tree-ring and carry out other growth processes (e.g. bud and acorn 422 

development) in summer (Montserrat-Martí et al., 2009).  423 

Other patterns of the NDVI-TRWi relationship represented fewer areas and specific tree 424 

species, but with well-defined seasonal patterns. The second pattern summarizing the NDVI-TRWi 425 

relationship was characterized by the highest correlation considering the NDVI between June of the 426 

previous year and January of the current year. This pattern was much less representative than the 427 

first one, with no clear representation of any forest type. The only exception corresponded to C. 428 

sativa forests, which were characterized by higher average NDVI values, lower temperatures and 429 

moister conditions than those drawn in the first pattern, representative of broadleaf hardwood 430 

species (Babst et al., 2014a; Kagawa et al., 2005; Richardson et al., 2013; Skomarkova et al., 2006). 431 

Different studies revealed that the vegetation activity and the NPP over the previous growing season 432 

may be important for explaining the forest growth during the following growth season. For 433 

example, Babst et al. (2014a) and Babst et al. (2014b) suggest that carbon sequestered after 434 

June/July in temperate forests can be used to thicken the cell-walls and/or to be stored in 435 
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nonstructural carbohydrate reserves, which would contribute tree-ring growth during the next spring 436 

(Skomarkova et al., 2006). This process implies a lagged use of synthesized carbohydrates in wood 437 

formation, explaining why the primary production of deciduous trees would affect the secondary 438 

growth during the following growing season (Kagawa et al., 2005; Richardson et al., 2013). 439 

The third pattern of the NDVI-TRWi relationship showed forests related to the cumulative 440 

NDVI during the winter and spring season of the current year. This kind of response is mostly 441 

represented by the A. alba forests located in the Pyrenees, where lower temperatures and higher 442 

precipitation values were recorded. The fourth pattern was also mostly characterized by the 443 

Pyrenean forests of A. alba and F. sylvatica, albeit with a positive influence of the summer NDVI 444 

on TRWi and an influence of the NDVI recorded during the first part of the previous year. These 445 

patterns of response are questionable, given that most active vegetative period of these tree species 446 

dominating in cold sites is recorded in late spring and summer (Macias et al., 2006). Nevertheless, 447 

several studies have also suggested that the conditions during the prior summer, autumn and winter 448 

periods can be relevant to explaining tree-ring growth of these species in Spain (e.g. Hayles et al., 449 

2007; Rozas et al., 2015; Sánchez-Salguero et al., 2013). Kraus et al. (2016) analyzed leaf and 450 

xylem phenology at different elevation ranges in Norway spruce forests of the Alps, demonstrating 451 

that the length of the xylem cell growth period did not show significant differences, as a function of 452 

either elevation or colder conditions, which seemed to lead a longer period of cell maturation in 453 

spruce. Furthermore, the Pyrenean silver fir forest growth was sensitive to cold conditions in late 454 

winter (February) as well as to dry-warm conditions in the previous early autumn (September). As 455 

such, both prior cold and dry conditions can negatively affect subsequent tree-ring formation, NDVI 456 

and the NPP in this species (Vicente-Serrano et al., 2015).  457 

It seems that phenology of the different tree species contributes significantly to the different 458 

patterns of relationship between NDVI and tree-ring growth (e.g. Boulouf Lugo et al., 2012; Čufar 459 

et al., 2008). The main patterns of response found in this study are characteristics of 460 
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species/regions, with very different tree life cycles driven by temperature. In general, in the forests 461 

located in cold areas the tree-ring growth responds to the cumulative NDVI over shorter periods 462 

than in the coniferous forests located in more temperate and arid areas. This feature has been 463 

identified by Vicente-Serrano et al. (2016) at the global scale, especially in the Alps and the high 464 

latitudes of North America, in which cold temperatures and low solar radiation limit the periods of 465 

vegetation activity and the duration of tree-ring formation to the boreal summer (Vaganov et al., 466 

1999; Kaufmann et al., 2004; Bergeron et al., 2007). Nevertheless, we must also stress that although 467 

there is a clear positive signal between NDVI and TRWi, the magnitude of the correlations usually 468 

does not exceed 0.5 in the majority of cases. This finding indicates that GPP and tree-ring growth 469 

can be decoupled in a number of years. Also, it suggests that the drivers of vegetation activity can 470 

differ as well as the response of the primary production and secondary growth types to some stress 471 

factors. There are very few studies that have analyzed the different response of the GPP and 472 

secondary growth to climate variability with respect to climate stressors, and even their results are 473 

quite contradictory. Recently, Gazol et al. (2018) analyzed the response of the NDVI and the tree-474 

ring growth to the four outstanding droughts, which affected Spain since the 1980s. They found that 475 

tree-ring growth is more correlated with drought severity than NDVI. Newberry (2010) analyzed 476 

the effects of climate on carbon isotope discrimination (δ
13

C) in leaves and wood of Pinus edulis 477 

forests in North America, concluding that that δ
13

C-climate relationship was stronger for leaf than 478 

for tree-ring cellulose, especially at the xeric sites. Del Castillo et al. (2015) and Pasho and Alla 479 

(2015) showed contradictory for the Aleppo pine forests in northeastern Spain and Albania, 480 

respectively. Overall, these results stressed that the magnitude of the correlations between the 481 

NDVI and the tree-ring growth was quite similar across different forest types. Nonetheless, we 482 

noted a very high spatial and temporal diversity in the responses of forest secondary growth to 483 

NDVI time scales in Spain, with clear distinction between tree species and environmental 484 

conditions. As such, our results can contribute not only to determine sensitive periods in vegetation 485 
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activity affecting forest growth, but also to assess the possible sensitivity of the GPP and secondary 486 

growth to climate change processes. 487 

In summary, in this study we related a satellite-derived measure of vegetation greenness (NDVI), 488 

which is driven by canopy formation and leaf-level photosynthesis, with a retrospective 489 

reconstruction of secondary growth (interannual variation in tree-ring width). Although we are still 490 

in the first methodological stages to reach a prediction of the secondary growth by means of remote 491 

sensing imagery, this study has identified the periods, species and bioclimatic conditions in which 492 

this is more feasible. This can be useful to advance in a better forest management (both in 493 

commercial and protected forest areas), opening the possibility of using remote sensing information 494 

to monitor tree growth and forest productivity over large areas. The common lagged response 495 

between the vegetation activity (quantified by means of the NDVI) and secondary growth may be 496 

also useful to determine in advance possible problems in forest development including dieback. 497 

Finally, there is another practical application of our results in order to deep in the knowledge of the 498 

sensitivity of forests to climate extreme events and to improve forest adaptation to climate change. 499 

Thus, the effects of climate events on the leaf activity may translate in a different way to the 500 

secondary growth, being possible to separate between effects. in fact, recent studies have suggested 501 

that the response of forests to drought severity is recorded in more depth in the secondary growth 502 

(Gazol et al., 2018; Kannenberg et al., 2019; Peña-Gallardo et al., 2018). In this aspect, the results 503 

presented here open the door to further studies considering whether drought impacts and legacies in 504 

primary and secondary growth are decoupled, and at which spatial and temporal scales. Moreover, 505 

the intraannual variation of NDVI will allow better understanding how climate extreme events such 506 

as droughts and frosts influence canopy and wood formation, and carbon uptake by forests.   507 

 508 
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Table 1: Tree species, abbreviations and number of sampled forests. The annual water balance was defined 823 
as the difference between precipitation and the reference evapotranspiration (ETo). 824 

 825 

  826 

Tree species (code) Number of forests Mean NDVI 
Mean annual 

temperature (ºC) 

Annual 
Precipitation sums 

(mm) 

Annual water 
balance (mm) 

Abies alba (ABAL) 48 

0.32 13.06 1441.08 486.46 

Abies pinsapo 
(ABPN) 15 

0.26 17.64 1469.77 296.28 

Castanea sativa 
(CASA) 10 

0.43 17.53 928.83 -139.96 

Fagus sylvatica 
(FASY) 51 

0.39 14.72 1213.45 283.87 

Juniperus thurifera 
(JUTH) 16 

0.28 17.21 690.61 -397.87 

Pinus halepensis 
(PIHA) 117 

0.26 19.99 600.31 -617.18 

Pinus nigra (PINI) 66 

0.29 17.06 753.91 -344.72 

Pinus pinaster (PIPI) 20 

0.32 18.78 705.39 -454.55 

Pinus pinea (PIPN) 9 

0.27 20.10 551.33 -665.18 

Pinus sylvestris 
(PISY) 76 

0.32 14.74 959.48 -36.94 

Pinus uncinata 
(PIUN) 39 

0.23 10.18 1445.58 576.37 

Quercus faginea 
(QUFA) 19 

0.36 16.82 976.20 -125.80 

Quercus ilex (QUIL) 5 

0.31 17.42 786.00 -338.58 

Quercus petraea 
(QUPE) 7 

0.41 15.67 1062.21 114.98 

Quercus pyrenaica 
(QUPY) 34 

0.40 16.22 878.32 -142.55 

Quercus robur 
(QURO) 34 

0.46 16.22 1484.47 594.25 
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Table 2: Percentage of species represented by each PC  following the maximum loading rule. 827 

 828 

 829 

 830 

 831 

 832 

 833 

 834 

 835 

 836 

 837 

  838 

  PC1 (304) PC2 (66) PC3 (38) PC4 (64) PC5 (69) PC6 (22) 

ABAL 12.5 8.3 35.4 20.8 10.4 12.5 

ABPN 53.3 13.3 6.7 0.0 20.0 6.7 

CASA 40.0 30.0 0.0 0.0 30.0 0.0 

FASY 39.2 17.6 2.0 31.4 3.9 5.9 

JUTH 75.0 18.8 0.0 0.0 6.3 0.0 

PIHA 83.8 6.0 0.9 0.9 6.0 2.6 

PINI 68.2 10.6 4.5 3.0 9.1 4.5 

PIPI 90.0 5.0 0.0 0.0 5.0 0.0 

PIPN 100.0 0.0 0.0 0.0 0.0 0.0 

PISY 42.1 9.2 10.5 13.2 23.7 1.3 

PIUN 25.6 12.8 10.3 35.9 12.8 2.6 

QUFA 52.6 10.5 0.0 5.3 26.3 5.3 

QUIL 100.0 0.0 0.0 0.0 0.0 0.0 

QUPE 57.1 28.6 14.3 0.0 0.0 0.0 

QUPY 32.4 20.6 2.9 11.8 29.4 0.0 

QURO 35.3 20.6 2.9 17.6 8.8 8.8 
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Table 3: Centroids of the groups obtained through a principal components analysis corresponding to the 839 
first three functions of the predictive discriminant analysis (PDA). The variance explained by each PDA is 840 

shown in parentheses. 841 
 842 

 843 
 844 

 845 
 846 
  847 

 Function 

Components PDA 1 (52.8%) PDA 2 (19.7%) PDA 3 (12.0%) 

1 -0.583 0.039 -0.060 

2 0.305 -0.063 0.530 

3 1.533 0.792 -0.243 

4 0.818 -1.045 -0.057 

5 0.568 0.209 -0.406 

6 0.479 0.490 1.133 
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Table 4: Structure matrix of the first three components of the predictive discriminant analysis (PDA). The table shows the correlation values of each 

predictor variable with the three discriminant functions. The variables most representative in each of the functions are in bold. 

 

Variable type VARIABLES FUNCTION 1 FUNCTION 2 FUNCTION 3 Variable type VARIABLES FUNCTION 1 FUNCTION 2 FUNCTION 3 

Tree species 

ABAL 0.254 0.169 -0.049 

Monthly mean 

minimum 

temperatures 

T. MIN. MAY. -0.646 0.33 0.104 

ABPN -0.065 0.08 0.084 T. MIN. JUN. -0.661 0.33 0.053 

CASA 0.067 -0.005 -0.037 T. MIN. JUL. -0.66 0.33 -0.014 

FASY 0.111 -0.496 0.294 T. MIN. AUG. -0.659 0.326 -0.018 

JUTH -0.121 0.019 -0.018 T. MIN. SEP. -0.651 0.298 0.035 

PIHA -0.458 0.158 -0.081 T. MIN. OCT. -0.622 0.279 0.094 

PINI -0.048 0.021 -0.162 T. MIN. NOV. -0.601 0.246 0.138 

PIPI -0.075 -0.033 0.052 T. MIN. DEC. -0.582 0.219 0.156 

PIPN -0.157 0.028 -0.071 

Monthly 

evapotranspiration 

ETo JAN. -0.402 0.11 -0.025 

PISY 0.071 0.025 -0.086 ETo FEB. -0.609 0.253 -0.008 

PIUN 0.27 -0.276 -0.076 ETo MAR. -0.681 0.351 -0.018 

QUFA -0.022 0.042 -0.045 ETo APRIL -0.693 0.376 -0.008 

QUIL 0.026 0.016 -0.028 ETo MAY. -0.66 0.398 -0.047 

QUPE 0.093 0.068 0.046 ETo JUN. -0.595 0.393 -0.111 

QUPY 0.136 0.152 0.024 ETo JUL. -0.518 0.367 -0.193 

QURO 0.114 0.132 0.29 ETo AUG. -0.513 0.379 -0.152 

Topography ELEVATION 0.427 -0.253 -0.239 ETo SEP. -0.624 0.391 -0.067 

Monthly NDVI 

values 

NDVI JAN. -0.16 0.248 0.066 ETo OCT. -0.648 0.349 -0.03 

NDVI FEB. -0.146 0.275 0.131 ETo NOV. -0.5 0.187 -0.022 

NDVI MAR. -0.091 0.311 0.147 ETo DEC. -0.318 0.041 -0.038 

NDVI APR. -0.012 0.285 0.168 

Monthly 

precipitation 

PRECIP JAN. 0.349 -0.006 0.331 

NDVI MAY. 0.253 0.223 0.227 PRECIP FEB. 0.275 0.018 0.331 

NDVI JUN. 0.513 0.1 0.275 PRECIP MAR. 0.396 -0.05 0.339 
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NDVI JUL. 0.527 -0.01 0.205 PRECIP APR. 0.582 -0.149 0.252 

NDVI AUG. 0.694 0.007 0.329 PRECIP MAY. 0.684 -0.264 0.118 

NDVI SEP. 0.673 0.028 0.279 PRECIP JUN. 0.663 -0.298 0.001 

NDVI OCT. 0.544 0.083 0.258 PRECIP JUL. 0.65 -0.328 0.024 

NDVI NOV. 0.177 0.187 0.153 PRECIP AUG. 0.544 -0.367 -0.033 

NDVI DEC. -0.093 0.258 0.028 PRECIP SEP. 0.545 -0.292 0.059 

Monthly mean 

maximum 

temperatures 

T. MAX. JAN. -0.648 0.313 0.187 PRECIP OCT. 0.435 -0.132 0.24 

T. MAX. FEB. -0.671 0.359 0.19 PRECIP NOV. 0.444 -0.097 0.315 

T. MAX. MAR. -0.674 0.388 0.17 PRECIP DEC. 0.302 0.001 0.305 

T. MAX. APR. -0.677 0.397 0.141 

Monthly climatic 

water balance 

BALANCE JAN. 0.385 -0.02 0.321 

T. MAX. MAY. -0.67 0.417 0.098 BALANCE FEB. 0.348 -0.022 0.309 

T. MAX. JUN. -0.654 0.428 0.045 BALANCE MAR. 0.504 -0.128 0.294 

T. MAX. JUL. -0.634 0.412 -0.032 
BALANCE 

APRIL 
0.653 -0.229 0.192 

T. MAX. AUG. -0.638 0.418 -0.004 BALANCE MAY 0.705 -0.323 0.098 

T. MAX. SEP. -0.666 0.406 0.097 BALANCE JUN. 0.672 -0.359 0.051 

T. MAX. OCT. -0.68 0.385 0.154 BALANCE JUL. 0.631 -0.374 0.115 

T. MAX. NOV. -0.667 0.335 0.176 BALANCE AUG. 0.572 -0.4 0.045 

T. MAX. DEC. -0.644 0.286 0.18 BALANCE SEP. 0.605 -0.344 0.066 

Monthly mean 

minimum 

temperatures 

T. MIN. JAN. -0.593 0.232 0.159 BALANCE OCT. 0.517 -0.188 0.219 

T. MIN. FEB. -0.617 0.271 0.156 BALANCE NOV. 0.485 -0.115 0.303 

T. MIN. MAR. -0.62 0.298 0.139 BALANCE DEC. 0.328 -0.004 0.299 

T. MIN. APR. -0.638 0.328 0.148           
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Figure 1: Spatial distribution of the tree-ring dataset available in the Spanish peninsula and the 

Balearic Islands. Each point represents a sampled forest. 
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Figure 2.  [Upper] Box plots showing the maximum Pearson correlation obtained between the 

NDVI series at different time scales and the indexed tree-ring width series for each tree species; 

[central] the semi-monthly period at which the maximum correlation is recorded, and [lower] the 

NDVI time-scale (in semi-months) at which the maximum correlation is recorded. All codes of 

species correspond to those listed in Table 1.   For each box plot, the central solid line indicates the 

median. The whiskers represent the 10th and the 90th, while the 25th and the 75th are plotted as the 

vertical lines of the bounding boxes. 
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Figure 3. Principal Component loadings extracted representing the main patterns of NDVI-TRWi 

correlations. The percentage of the variance represented by each component is shown between 

brackets. The values of the components are represented in the original variable (correlation). 
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Principal Component 3 (10.1%)
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Principal Component 4 (6.3%)
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Principal Component 5 (5.4%)
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Principal Component 6 (3.7%)
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Figure 4. Spatial distribution of the Principal Component loadings for the six principal components 

extracted. Only significant loadings are shown. 
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Figure 5. Box plots showing PC loadings for the different tree species. For each box plot, the central 

solid line indicates the median. The whiskers represent the 10th and the 90th, while the 25th and the 

75th are plotted as the vertical lines of the bounding boxes. All codes of species correspond to those 

listed in Table 1. 
 


