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ABSTRACT
Aims: Natural woodland expansion into former agricultural land contributes to conservation and global reforestation goals. 
However, tree colonisation and woodland persistence depend on interactions among vegetation, land-use history and suitable 
microclimatic conditions. Understanding these drivers is essential for anticipating woodland expansion outcomes over large 
spatial and temporal scales.
Methods: We combined airborne photogrammetry with field measurements to assess the long-term success of Juniperus thurif-
era woodlands—a Natura 2000 priority habitat—across a 20-km2 region of central Spain. A canopy height model, calibrated with 
field biomass data, was used to map juniper biomass, while time series land-cover maps estimated woodland age. This novel 
approach enabled evaluation of colonisation success using a space-for-time substitution along the expansion frontier.
Results: Over the past 34 years, land cover has changed markedly, with agricultural land declining by 75% and open woodland 
tripling. Juniper stands have expanded from steep slopes onto flatter terrain and into areas with lower irradiance. Increasing 
dwarf-shrub density within stands reduced juniper biomass by up to 25% in the oldest woodlands. Higher solar exposure pro-
moted faster biomass accumulation through time but limited biomass in younger stands. Contrarily, new stands under lower 
insolation showed greater biomass for their age, suggesting positive land-use legacies where drought stress was reduced.
Conclusion: Overall, J. thurifera woodlands have expanded substantially over recent decades, yet growth constraints differ 
across the expansion front. With our innovative framework integrating high-resolution photogrammetry and field-based bio-
mass models, our study underscores the interplay between local competition and abiotic factors in shaping woodland dynamics 
across space and time. This framework offers a valuable, scalable and transferable tool for monitoring and managing long-term 
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ecosystem dynamics across larger spatial and temporal scales and informing habitat restoration and conservation planning 
under changing environmental conditions.

1   |   Introduction

Following declines in agriculture on marginal lands in the 20th 
century, and subsequent rural exodus, Europe's forested area nat-
urally increased by 9% (20.4 million ha) from 1990 to 2020, con-
tributing to international commitments to forest and woodland 
expansion (Dave et al. 2018; International Union for Conservation 
of Nature  2011; United Nations General Assembly  2015; Frei 
et  al.  2024). Woodland expansion onto abandoned agricultural 
land sequesters carbon and may restore ecosystem services includ-
ing soil fertility, water infiltration, and biodiversity (Cunningham 
et al. 2015; Martín-Forés et al. 2020). Landscape-level assessments 
of the environmental conditions that enable natural woodland 
expansion are crucial for the success of international commit-
ments over the coming decades (Lamb  2018; Malhi et  al.  2020; 
Seddon et  al.  2020). Natural woodland expansion is known to 
be influenced by many biotic and abiotic factors, based on many 
local-scale studies. It may be impeded by sub-optimal soil and 
microclimate conditions (Poyatos et al. 2003; Cramer et al. 2007; 
Oldén et al. 2016; Jung et al. 2018). For example, in Portugal, nat-
ural colonisation of holm oak was strongly affected by solar ex-
posure, which modulated near-ground temperature and moisture 
availability (Príncipe et  al.  2014). Prolonged farming alters soil 
properties, affecting the structure of grass and shrub communi-
ties, further impacting woodland regeneration through competi-
tion (Bobbink et al. 2010; Sato et al. 2016, 2019). However, herb and 
shrub layers can also protect young trees from extreme climates 
and facilitate their establishment (Castro et  al.  2004; Douaihy 
et al. 2022; Granda et al. 2014; Smit et al. 2008). In other examples, 
forests expanding into old fields can benefit from land-use legacies 
such as higher soil nitrogen and microbial activity, leading to in-
creased tree growth and adaptation to water limitation (Freschet 
et al. 2014; Alfaro-Sánchez et al. 2019; Acuña-Míguez et al. 2020; 
Guerrieri et al. 2021). Assessing the net impact of these interacting 
factors is challenging at the landscape scale, and to the best of our 
knowledge, no previous studies have attempted to scale up from 
local observations to broader scales, which is crucial though that 
is for evaluating the health and viability of new natural woodlands 
as sources of carbon sequestration (Vilà-Cabrera et al. 2017; Cook-
Patton et al. 2020), particularly in the context of climate change 
(Matesanz and Valladares  2014; Gazol et  al.  2018; Camarero 
et al. 2018; Astigarraga et al. 2020).

Among European countries undergoing natural forest regrowth, 
Spain has the highest rate of natural forest expansion (i.e., 
155.6000 ha per year; Forest Europe  2020), particularly in the 
mountainous regions in the North and Southeast of the country 
(Rodríguez-García et al. 2011; Vayreda et al. 2016). Several species 
are currently expanding their cover in Southern Europe. These in-
clude Fagus sylvatica L. in northern Spain, Juniperus thurifera L. 
in central Spain, Quercus ilex L. in northeastern Spain and Quercus 
robur L. in southwestern France (Hampe et al. 2020; Martín-Forés 
et  al.  2020; Biodiversa+  2022). Of these species, expansion of 
Spanish juniper (J. thurifera) is particularly interesting, because it 
is recognised as a priority species for conservation and the open 
and monospecific woodlands typically formed by this species are 

a priority habitat (Davies et al. 2004). Spanish juniper was heav-
ily exploited for timber and fodder prior to its declaration as pri-
ority habitat; but is now recovering following a reduction in the 
abundance of livestock (Gauquelin et al. 1999; Olano et al. 2008; 
Montesinos and Fabado 2015), allowing expansion into abandoned 
grazing land (Martín-Forés et al. 2022). However, in these human-
modified habitats, Spanish juniper is likely to encounter new bi-
otic and abiotic circumstances (García Morote et al. 2012; Gimeno, 
Escudero, et al. 2012; Pías et al. 2014; Villellas et al. 2020). Also, 
slow-growing juniper is at a competitive disadvantage against 
most co-occurring tree species, although its tolerance to fluctuat-
ing temperatures and water availability (including sub-zero tem-
peratures and extreme drought) allows it to grow outside the range 
of most competitors (Rozas et al. 2008; DeSoto et al. 2010; Gimeno, 
Camarero, et al. 2012). Sexual dimorphism has also been observed 
in response to growth stressors for this species, with female growth 
being more sensitive to summer drought but outgrowing males in 
mesic conditions (Olano et al. 2015; DeSoto et al. 2016). Thus, a 
combination of factors affects the potential success for the expan-
sion and regrowth of this priority habitat, and there are ongoing 
concerns that changing management and range shifts amongst 
competing species may impact recovery (DeSoto et al. 2010).

Remote sensing technologies provide an opportunity to under-
stand natural colonisation processes at landscape scales and close 
the current knowledge gap (see Huang et al. 2009; Tian et al. 2023). 
In particular, the three-dimensional structure of the land and veg-
etation can be mapped at high resolution using structure-from-
motion (SFM) techniques applied to airborne remote sensing data. 
Combining field-based measurements with these technological ad-
vances offers unique insights into colonisation processes at scales 
not possible with traditional methods (Chen et al. 2022). Previous 
studies have either used remote sensing to map land-use cover 
and woodland expansion (Allen et  al.  2018; Levers et  al.  2018; 
Príncipe et al. 2014) or allometry to compare properties of expand-
ing forests and mature stands at small spatial scales (Ruiz-Peinado 
et al. 2011). However, these methods are rarely combined.

Here, we quantify juniper woodland expansion in central Spain 
and seek to understand the factors influencing expansion. To do 
this, we study juniper growth at landscape, stand and individual 
tree scales. At the landscape scale, satellite imagery spanning 
34 years is used to evaluate land cover change. At a local scale, fac-
tors limiting woodland expansion are analysed using individual 
juniper tree data mapped over a 20-km2 area from high-resolution 
airborne imagery, combined with field-based allometric measure-
ments to generate biomass estimates. This approach allowed us to 
evaluate the interacting effects of multiple factors affecting the ex-
pansion of this slow-growing, conservation-priority species from 
both a historical and a landscape perspective. We expected that (i) 
juniper woodland has expanded over the last 34 years, primarily 
into flatter areas made available by agricultural abandonment; (ii) 
that growth would be slower on sites exposed to greater insolation, 
as a consequence of greater water stress; and (iii) that juniper expe-
riencing greater intra- and interspecific competition would exhibit 
slower growth.

 16541103, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jvs.70142 by A

L
IC

IA
 FO

R
N

E
R

 - Spanish C
ochrane N

ational Provision (M
inisterio de Sanidad) , W

iley O
nline L

ibrary on [04/05/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3 of 15Journal of Vegetation Science, 2026

2   |   Materials and Methods

2.1   |   Study Site

We conducted this study over 20 km2 in Alto Tajo Natural 
Park, central Spain, near Huertahernando and Ribarredonda 
(Guadalajara province, −2.27 E, 40.85 N). The region features 
low-density vegetation, dominated by monospecific J. thurifera 
woodland (Figure  1). Common shrubs include Genista scorpius 
L. (DC.); Prunus spinosa L.; Rosa canina L.; Juniperus oxycedrus 
L. and Thymus and Lavandula species. Agricultural activities 
in the area included unirrigated wheat farming and low-density 
grazing for millennia (https://​alto-​tajo.​com/​), but these were 
largely abandoned since the 1960s due to widespread migration 
towards urban centres (Martín-Forés et al. 2020). The region has 
a dry, continental Mediterranean climate (mean annual tempera-
ture: 10.3°C, range: −28°C to 38°C, mean annual precipitation: 
490 mm) with a summer drought (AEMET, n.d. data, 1961–2014) 
typically spanning 4 months, from June to September, according 
to Walter & Lieth's climate diagram of the area of study. Soils are 
haplic calcisols over karstified limestone with areas of siliciclastic 

rocks and coarse sediment (Andreas and Duscher 2019; European 
Commission 2005). Altitudes range from 962 m to 1239 m.

We established 10 plots representing three stages of Spanish ju-
niper expansion: three plots were in mature forest stands (a core 
of well-conserved forest), four plots near the front of forest expan-
sion (on abandoned agricultural lands) and three plots in a tran-
sition zone between the two former stages. Plots located across 
Huertahernando and Ribarredonda averaged 0.9 ± 0.6 SD ha, 
each with 44.7 ± 6.8 SD juniper trees. The study addressed forest 
growth at landscape, stand and individual tree scales (Figure 2).

2.2   |   Land Cover Classification Over Time (1984–
2018)

We developed a land cover classification for the 2100-km2 re-
gion within the United Nations Educational, Scientific and 
Cultural Organization (UNESCO) World Geopark Molina Alto 
Tajo, encompassing the core and surrounding areas of the Alto 
Tajo Natural Park. This region combines strictly protected areas 

FIGURE 1    |    Orthomosaic of the 20 km2 of central Spain surveyed by aircraft in 2017 (a) Location of the orthomosaic in the Guadalajara province, 
and within the Alto Tajo Natural Park (grey area); (b) location of field plots near the towns of study (c) Ribarredonda and (d) Huertahernando. The 
10 field plots varied in the stage of juniper succession. Colours of the polygons represent the stage of the juniper expansion: blue = mature forest 
stands with a core of well-conserved forest; yellow = front of forest expansion on formerly abandoned agricultural lands; and green = transition zone 
between the two former stages.
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with their broader ecological context, including the Alto Tajo 
Natural Park (~1762 km2), the Special Protection Area Alto 
Tajo (~1912 km2), the Site of Community Importance Alto Tajo 
(~1401 km2) and the surrounding Peripheral Protection Zone 
(~700 km2). The area is ecologically rich, hosting a mosaic of 
Mediterranean forests, riparian woodlands and diverse habitats 
that support high biodiversity. By encompassing both the pro-
tected core and its buffer zones, we can develop a classifier for 
the Spanish juniper woodland and the various land cover classes 
that may have existed at the study site in the past.

To classify contemporary and historic land cover classes, we 
extracted multispectral Landsat 5–8 Tier 1 surface reflectance 
data of the region for 1984–2018. Landsat satellites 5–8 collected 
global, multispectral information from 1984 to the present at a 
30-m resolution. We extracted data that had been atmospher-
ically corrected using LEDAPS (Schmidt et  al.  2013) from six 
Landsat bands (blue, green, red, near-infrared, shortwave 

infrared 1 and shortwave infrared 2, wavelengths are given in 
Appendix S1) from scenes with cloud cover less than 20% and 
a solar zenith angle less than 70° via Google Earth Engine. We 
masked any remaining clouds and cloud shadows using masks 
provided by the United States Geological Survey (USGS) asso-
ciated with each scene and omitted any scenes with visible ar-
tefacts from subsequent processing. We then assembled image 
composites for two periods per year, approximately correspond-
ing to summer (May– July) and winter (November–January), 
to capture intra-annual variation in land cover appearance. 
Additionally, we derived slope and aspect from the Spanish na-
tional DTM at a 5-m resolution (MDT05 2009 CC-BY 4.0 scne.es, 
www.​ign.​es) and aggregated them to match the Landsat imag-
ery resolution. See Appendix S1 for further information on data 
selection and pre-processing.

To enable training and validation of a random forest classifier, we 
generated 500 randomly located points in the 2100-km2 region 

FIGURE 2    |    Methodological diagram.
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around Alto Tajo Natural Park and manually classified them into 
four land cover classes—agriculture, grassland and dwarf shru-
bland, woodland and shrubland, and closed forest, following the 
CORINE system (European Environment Agency 2019) and as-
sociated regional studies (Corbane et al. 2015; Shoshany 2000; 
Yüksel et al. 2008) (see Appendix S1 for land class definitions). 
We used high-resolution satellite imagery available on Google 
Earth Pro (30–50 cm resolution, acquired by CNES/AIRBUS) to 
assign the land class in a 30 m2 buffer around each point. Each 
point was classified for multiple years where data were available 
(2004–2018). Where available for a given point and year, Google 
Street View imagery was used as a secondary imagery source to 
support manual classification for a point. Manual classifications 
affected by incomplete satellite image coverage, cloud cover and 
urban areas (due to their extremely low total coverage) were 
dropped from the training and validation. This resulted in 673 
classifications of 409 spatially unique points. Additional quality 
controls for this process are described in Appendix S1.

We trained a Random Forest classifier on a stratified random 
sample of 70% of the spatially unique reference points, strat-
ified on modal land class per point across multiple years. The 
model predicted land cover using slope, aspect, the six extracted 
Landsat bands, and the normalised difference vegetation index 
(indicator of vegetation presence; Rouse et  al.  1974) for both 
summer and winter periods. The random forest classifier was 
trained over 300 trees with a bag fraction of 0.7 and a mini-
mum leaf population of 3. The remaining reference points (30%) 
were used for validating the classifier by comparing manually 
classified points to those in the land cover map in the relevant 
year. We calculated the overall cross-validation accuracy and 
the producers and consumers accuracy for the identification of 
each land cover class individually, resulting in an overall cross-
validation accuracy of 74% (see Appendix  S1 for accuracy per 
class). To confirm that variation in Landsat bandwidths between 
Landsat 8 and 7 did not impact the classifier, a second hindcast-
ing validation was performed using training points from 2014 to 
2018 only, validated against a subset of validation points that fell 
between 2004 and 2013, resulting in a similar cross-validation 
accuracy of 71.4 (Appendix S1).

2.3   |   Link Between Land Cover and Topography

To identify environmental drivers of woodland expansion, 
we analysed how rates of change for each land-cover class 
were related to topography (see Appendix  S1 for details). 
Specifically, we considered elevation (m), slope (degrees) and 
annual solar insolation (kW.m−2 year−1). We estimated mean 
rates of land cover class change using linear regressions 
of area over time, running separate models followed by an 
ANOVA F-test for each land cover class. We found no residual 
temporal autocorrelation. We tested for systematic changes in 
land cover classes in relation to elevation, slope and solar inso-
lation using quantile regression. We used quantile regression 
to understand how the distributions of land cover classes had 
shifted across the landscape over time and to test for system-
atic changes in relation to elevation, slope and solar insolation 
(Koenker 2004). For each response variable (elevation, slopes 
and irradiance), we modelled the distribution of each land 
cover class as a function of year, using the 90th, 75th, 50th, 

25th and 10th quantiles to capture trends across different ex-
tremes. We used the R package quantreg (Koenker et al. 2019) 
to assess the significance of age-related trends and determine 
if model functions differed across quantiles using Wald tests 
(Koenker and Bassett 1982). We estimated standard errors in 
rates of change using Markov chain marginal bootstrapping 
(He and Hu 2002; Kocherginsky et al. 2005).

2.4   |   Juniper Growth Measurements at 
the Individual Level

We collected data on tree biomass and juniper growth for 447 
individual junipers across the 10 plots at our study site, shown 
in Figure 1 (see Appendix S2 for details). Each tree was georef-
erenced using a differential geographic positioning system and 
surveyed for height, stem diameter at breast height (used to cal-
culate tree quadratic diameter, QD), basal area, sex and crown 
diameter (average of two perpendicular measurements) between 
June and October 2017. We estimated above-ground biomass 
for each individual from these measurements, using allome-
try equations specific to J. thurifera (Ruiz-Peinado et al. 2011) 
(see Appendix S2 for more details). Additionally, we measured 
tree age by extracting wood cores in a random sample of 30 
trees per plot and counting and measuring ring widths, total-
ling estimates for 251 individuals (see Alfaro-Sánchez, Espelta, 
Valladares, et al. 2021; Alfaro-Sánchez, Espelta, Acuña-Míguez, 
et al. 2021 for methodological details on tree age and dataset).

2.5   |   Mapping Juniper Growth at the Plot 
and Landscape Levels

We aggregated tree-level biomass (BiomassTree) to determine abo-
veground biomass density (BiomassPlot, Mg ha−1) in the 10 field 
plots shown in Figure 1 (see Appendix S2). Previous studies demon-
strate that aboveground biomass of Mediterranean woodlands can 
be estimated robustly from maps of canopy height, using mean 
top of canopy height and canopy fraction as explanatory variables 
extracted from these maps (García et al. 2010; Jucker et al. 2017; 
Galidaki et al. 2017; Simonson et al. 2015). Airborne lidar is the 
preferred approach to measuring top of canopy height in dense 
forests, but in open juniper woodlands, it is equally effective to 
develop a canopy height map from high-resolution photographic 
imagery by applying a structure-from-motion (SFM) technique. 
We surveyed 19.6 km2 with an aircraft to get images at a resolution 
of 9.48 cm pixel−1 (see Appendix S3 for details). We orthorectified 
the digital imagery and processed it using Agisoft Photoscan, to 
produce a structure-from-motion-derived point cloud with over 
160 million points, with an average point density of 8.42 m−2, and 
a location error of 0.24 m (longitude/latitude) and 0.58 m (altitude). 
We then created a digital terrain model and canopy height model 
at a 1-m resolution using lastools (Isenburg 2019). We identified 
ground points after first excluding those in deep shadow, associated 
with higher degrees of uncertainty in photogrametry (red 0–45; 
green 0–55; blue 0–70) and secondly by excluding green pixels typ-
ical of J. thurifera (green 0–150) to avoid misclassifying small trees 
as terrain, where the base of the canopy is close to the ground and 
photogrammetry had not produced ground points under the tree. 
These thresholds were identified to reliably distinguish areas with 
large amounts of vertical noise (shadow) and juniper trees from the 
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surrounding landscape through repeat testing across the surveyed 
landscape. Green pixels were restored after ground point identifi-
cation and prior to any subsequent processing of canopy height or 
canopy fraction. We gap-filled the data (< 0.6% of the area) by in-
terpolating from up to 10 adjacent pixels and normalised point al-
titudes relative to terrain height to derive the canopy height model 
(Isenburg 2014; Khosravipour et al. 2014). We manually masked 
areas of terrain incorrectly labelled as canopy due to significant 
elevation changes (0.06% of the area). We calculated the mean top 
of canopy height and canopy fraction (the percentage area with a 
tree height over 0.5 m) for each plot and across the landscape at a 
26.9-m resolution, using only tree crown pixels (> 0.5 m).

We compared models of biomass (estimated from field data) 
as a function of either top of canopy height, canopy fraction or 
the interaction between the two and carried out a leave-one-
out regression on log-transformed data of the biomass at the 
plot level (BiomassPlot) to select the best-performing model for 
predicting biomass at the landscape scale. The model with the 
lowest percentage bias, root mean squared error (RMSE) and 
mean absolute error (MAE) was selected to predict landscape 
biomass (BiomassSFM) within pixels over an area of 4.3 km2 
which was identified as being monospecific J. thurifera in the 
field. Analyses were performed in R 3.6.1 (R Core Team 2021) 
(see Appendix S3 for details).

2.6   |   Effect of Intraspecific Competition on 
Juniper Growth at an Individual Tree Scale

We investigated the effect of intraspecific competition on juniper 
growth using mixed-effect models. We modelled the biomass of 
individual trees as a function of age and sex, and as a function of 
local competition with neighbouring juniper trees. Specifically, we 
used Hegyi's competition coefficient to quantify the competitive 
impact of neighbouring trees based on the distribution of crown 
projection sizes, which approximates an individual's sphere of in-
fluence (Hegyi 1974; Schenk and Jackson 2002; see Appendix S4 
for more details). To evaluate the neighbourhood size that was 
most appropriate, we calculated Hegyi's index within circles of 10, 
15 and 20 m and selected the best-performing model using Akaike 
information criterion (AIC). We assessed variable significance 
using Wald confidence intervals. Models were fitted to a stratified 
random sample of 70% of field-measured trees (177 trees). The re-
maining 74 trees validated the model and helped calculate an anti-
logarithmic correction factor (1.29), which we applied to all model 
predictions. Fixed-effect prediction intervals were estimated using 
1000 coefficient estimates drawn randomly from the model's co-
variance matrix.

2.7   |   Effects of Topography and Interspecific 
Competition on Juniper Growth at 
the Landscape Scale

We investigated the effects of topography on juniper biomass ac-
cumulation rates at the landscape scale to assess the influence 
of this driver on the natural colonisation process. We used a 
space-for-time substitution to account for stand age on biomass, 
using age variation in the landscape calculated in woodland 
patches from land cover classifications. We also used values for 

elevation, slope and solar insolation previously calculated (see 
Appendix S5 for details).

We included shrub cover in the model to investigate interspe-
cific competition's impact on growth at the landscape scale. 
Shrub cover was defined as the presence of dwarf shrubland 
surrounding junipers, within each 30 m pixel used in the analy-
sis and was manually classified as low, medium or high for each 
pixel using the orthorectified RGB imagery collected in 2017. 
The most prominent species of the dwarf shrubland surround-
ing juniper trees was Genista scorpius (L.) DC., Prunus spinosa 
L., Rosa canina L., Thymus sp. and Lavandula latifolia Medik. 
ex Vill. Associations between the distribution of dwarf-shrub 
cover and both age and topographically derived variables were 
ruled out using an ordination (see Appendix S5 for details).

We employed a spatial simultaneous autoregressive error 
model (Kissling and Carl 2008) using the R package spatialreg 
(Bivand et al. 2013) to account for local spatial autocorrelation 
in BiomassSFM, identified via Moran's I (Moran 1948). We used 
a square-root transformation to satisfy normality assumptions. 
We selected the neighbourhood size best explaining spatial auto-
correlation of BiomassSFM by comparing maximal model struc-
ture AIC with increasing neighbourhood sizes (50 increments of 
20 m) from the threshold identified by Moran's I. We then con-
firmed no significant residual spatial autocorrelation (Moran's I 
standard deviate: 0.53, p = 0.30). For the model of BiomassSFM, 
we selected the best model structure with the lowest AIC. We 
assessed variable significance using the likelihood ratio test for 
spatial linear models within the spatialreg R package. We esti-
mated effect-size confidence intervals by drawing 1000 coeffi-
cient estimates randomly from the model's covariance matrix, 
in the absence of spatial dependence.

3   |   Results

3.1   |   Land Cover Evolution From 1984 to 2018

Land cover changed substantially over the 34-year study period 
(Figure 3). There was an accentuated decline in agricultural land, 
which occupied 33.5% of the study area in 1984 but only 8.1% in 
2018 (annual loss rate: 0.75%). The decline was also observed in 
grassland + dwarf-shrubland area, which occupied 50.4% and 
40.2% of the area of study, respectively, in 1984 and 2018 (annual 
loss rate: 0.3%). This decline in agricultural and grazed lands was 
accompanied by the noticeable expansion of open woodland + 
shrubland area that increased from 16% to 47% over this period 
(annual gain rate: 0.91%), and of closed forests that increased from 
0.1% in 1984 to 2.2% in 2018 (annual gain rate: 0.06%). Closed wood-
lands remained a small component of the landscape. Abandoned 
croplands had transitioned largely to grassland by 2018. Most new 
woodland colonised previous grasslands.

3.2   |   Changes in the Topographic Distribution 
of Land Cover Classes Over Time

The topographic distribution of land cover classes shifted over 
the 34-year study. The rate of change in the distribution of land 
cover over elevation (m), slope (degree) and annual solar insolation 
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(kW.m−2 year−1) differed significantly across the quantiles of the 
distribution for all models (Figure 4). The four classes of land cover 
are broadly stratified by slope. Initially, agricultural land occu-
pied the shallowest slopes, but tree cover increased as the slope 
increased. Agricultural land on the steepest occupied slopes was 
preferentially abandoned, and the rate of abandonment was least 
on shallow slopes (i.e., the 10th quantile of the land-cover distri-
bution with respect to slope) and greatest on the steepest slopes 
(i.e., 90th quantile; Figure  4). The expansion of woodland and 
closed forest went into less steep regions previously occupied by 
grasslands. The median elevation of woodland decreased a small 
but significant amount, a trend that was consistent across quan-
tiles. The elevation of grassland increased substantially, occupy-
ing a similar distribution to the remaining agriculture by 2018 
(Figure  4). Woodland occupies areas that experience more ex-
treme values of annual solar insolation, compared to grassland or 
agriculture, but over the 34-year period studied, median insolation 
decreased and the distribution of woodland across solar insolation 
became more centrally weighted (Figure 4). Appendix S1 provides 
further details of these analyses.

3.3   |   Juniper Growth at the Individual Scale 
and Effects of Sex and Intraspecific Competition

The above-ground biomass of individual juniper trees in-
creased significantly as a function of age determined from 
tree rings (Wald interval: 2.5% = 0.04, 97.5% = 0.06) and with 
reduced competition from neighbours (Hegyi coefficients 
(H20-m) = −0.08, with 95% CI −0.10 to −0.06). This shows that 

junipers in proximity to other, large individuals accumulated 
significantly less biomass for their age, and that intraspecific 
competition is strongly size asymmetric (Figure 5). No effect 
of sex was found on tree biomass (see Appendix S4 for details 
on model selection).

3.4   |   Spanish Juniper Growth Within Field Plots 
Across the Landscape Scale

Aboveground biomass estimated from individual tree mea-
surements in the 11 field plots ranged from 1.2–27.2 Mg ha−1 
and, as expected, was greater in mature forests than early 
stages of colonisation (Χ2 = 7.44, p = 0.02). The best-performing 
model for predicting landscape biomass (BiomassSFM) was 
BiomassSFM = 32.9 × 1.11 (Top of canopy height×canopy fraction)0.62, 
when converted back to the native scale (see Appendix  S3 for 
details on calculations).

Very little bias or error was found between estimates of 
BiomassSFM at different resolutions (26.9–80.6 m: RMSE = 0.32, 
bias = 2.42%, MAE = 0.03; 26.9–107.5 m: RMSE = 0.39, 
bias = 2.64%, MAE = 0.02).

Our estimates show that the average biomass of juniper wood-
land in the landscape was 14.7 Mg ha−1, with an interquartile 
range from 8.1 Mg ha−1 to 20.1 Mg ha−1. Woodland biomass 
increased significantly with age (likelihood ratio = 68, df = 3, 
p < 0.0001) (see Appendix S3 for details on calculations and al-
ternative modelling approaches that were explored but rejected).

FIGURE 3    |    Land cover maps for the years 1984, 2004 and 2018 for a 20-km2 region in central Spain, derived from Landsat imagery via a random 
forest model and a manually classified training dataset. Annual time series of land cover change for the period 1984–2018 were used in analyses.
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FIGURE 4    |     Legend on next page.
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3.5   |   Effect of Topography and Interspecific 
Competition on Juniper Growth at 
the Landscape Scale

We found that abandoned lands at higher elevation had lower 
biomass when initially classified as woodland (likelihood 
ratio = 69, df = 1, p < 0.0001; Figure  6a). However, elevation in 
this hilly landscape did not have a significant effect on the rate 
of biomass accumulation over the 30 years following (Age × 
elevation: likelihood ratio = −0.47, df = 1, p = 0.49). The rate of 
increase in biomass with age was significantly higher where 
solar insolation was high (likelihood ratio = 16, df: 1, p < 0.0001). 
However, newly established woodland contained significantly 
more biomass where insolation was low, suggesting that the 
effects of sun exposure varied with stand age (Figure  6b). 
Changing vulnerabilities may be due to microclimatic or 
physiological changes associated with stand age, differing soil 
properties across the expansion gradient, or may also reflect 
changing climatic conditions over the last 30 years, as a product 
of the space-for-time substitution. Regarding interspecific com-
petition at the landscape scale, our results show that a greater 
density of dwarf shrubland led to lower biomass at woodland 

establishment (likelihood ratio = 103, df = 2, p < 0.0001) but 
did not have a significant effect on the rate of accumulation 
over the 30 years following (Age × shrubland cover: likelihood 
ratio = −1.5, df = 2, p = 0.47; Figure  6c). The Nagelkerke pseu-
do-R2 of the best supported model was 0.21 and the plot random 
effect explained 34% of biomass variation (see Appendix S5 for 
coefficient estimates of the model).

4   |   Discussion

Over the past three decades, J. thurifera woodlands in central 
Spain have considerably expanded, primarily into flatter areas 
released by agricultural abandonment. Our analyses show that 
this expansion is shaped by a combination of abiotic conditions, 
competition and land-use legacies. High irradiance accelerated 
biomass accumulation over time but constrained growth in 
newly established stands, while denser juniper and shrub layers 
reduced individual biomass, particularly in more mature stands. 
These findings demonstrate that contemporary competition 
and environmental heterogeneity, rather than historical distur-
bances alone, govern growth dynamics and the pace of Spanish 

FIGURE 4    |    Long-term trends in the elevation (a), slope (b) and solar insolation (c) of sites occupied by agriculture, grasslands, open woodlands 
and closed woodlands in a 20-km2 region of central Spain undergoing land-use change. Shifts in the distribution of land cover types across terrain in 
the region of Huertahernando and Ribarredonda, estimated by quantile regression at the 10th, 25th, 50th, 75th and 90th quantiles. Data distribution 
is shown via the 5th–95th, 10th–90th, 25th–75th and 45th–55th quantiles for each land cover classification. The mean trendline is shown in bold, 
while upper and lower limits are shown as dotted lines (5th and 95th percentiles). Shaded areas represent the distribution of data.

FIGURE 5    |    Estimated aboveground biomass for individual J. thurifera trees as a function of the age determined from tree rings and neighbour-
hood competition (assessed by the Hegyi competition coefficient). The model was ln(Biomass) = 2.786 + 0.051 Age − 0.080H20. Predictions of bio-
mass as a function of age (with 95% CIs) are shown when the Hegyi coefficient is set at 0 and 30.
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juniper woodland expansion. The following subsections explore 
in depth (i) land-cover evolution, (ii) the role of intraspecific 
competition and (iii) the role of topography and interspecific 
competition in structuring juniper growth across scales.

4.1   |   Evolution of Land Cover Over the 34 Years 
of Study, Including Juniper Expansion

Woodland expanded into abandoned farmland across Alto Tajo 
Natural Park, as observed across many areas of Southern Europe 

(Peña-Angulo et al. 2019; Hampe et al. 2020). They expanded out 
from steep, sun-exposed slopes into previously cultivated areas 
as farming lost its economic viability (Weissteiner et  al.  2011; 
Lasanta-Martínez et al. 2005; Navarro and Pereira 2015). While 
woodlands established mostly in former grazing lands, likely 
due to greater opportunities for establishment and subsequent 
densification, young junipers have also appeared in ex-arable 
zones (Acuña-Míguez et al. 2020; Gimeno, Escudero, et al. 2012; 
Gimeno, Camarero, et  al.  2012; Martín-Forés et  al.  2022). By 
combining remote sensing and field-based measurements, we 
find that the aboveground biomass of Spanish juniper increased 

FIGURE 6    |    Predicted accumulation of aboveground biomass over time within J. thurifera patches, and the influence of elevation (a), insolation 
(b) and interspecific competition with dwarf shrubs (c) on that biomass growth. ‘Time’ on the x-axis is years since a site was first colonised by juni-
per (woodland age, assessed by land-cover change analyses). Model predictions and 95% confidence intervals are shown. The biomass model with 
the greatest statistical support was: Sqrt (Biomass) ~ Age + Slope + Elevation + Solar + Shrub cover + (Age × Slope) + (Age × Elevation) + (Age × 
Solar) + (Age × Shrub cover).
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with successional stage, providing insights into the recovery of 
this priority habitat. While our study focused on aboveground 
biomass, future research should include belowground biomass 
and carbon dynamics to fully assess the carbon sequestration 
capacity of juniper woodlands (Addo-Danso et al. 2016).

4.2   |   Role of Intraspecific Competition on Tree 
Juniper Growth

Our exploration of alternative models emphasizes the impor-
tance of understanding multiple factors in natural woodland 
expansion. Biomass accumulation was sensitive to competi-
tion with conspecifics at the individual level, particularly in 
dense stands (i.e., Hegyi competition coefficients > 25), con-
sistent with previous studies based on annual tree ring widths 
(Alfaro-Sánchez, Espelta, Valladares, et al. 2021). Given the age 
distribution of studied individuals and the well-documented ca-
pacity of J. thurifera to recover from historic growth suppres-
sion (Olano et al. 2008), it is unlikely that variation in individual 
above-ground biomass could be due to historic browsing sup-
pression (DeSoto et  al.  2010; García Morote et  al.  2012). This 
suggests that the observed intraspecific growth patterns are 
more likely driven by present-day competition dynamics rather 
than legacy effects of past disturbances by herbivores. Reduced 
growth has also been observed in individuals of other resprout-
ing, multi-stemmed species, attributed to increased light com-
petition amongst stems (Espelta et  al.  2003) and competition 
for belowground resources (Coomes and Grubb  2000). Such 
competitive effects align with the stress-tolerant strategy of J. 
thurifera, which favours persistence under harsh conditions but 
amplifies resource limitation in dense stands. Indeed, Acuña-
Míguez, Valladares and Martín-Forés et  al.  (2020) reported 
higher water-use efficiency at expanding fronts and reduced 
growth in mature, denser woodlands. Actively managing juni-
per stand density may be a viable option to alleviate intraspecific 
competition and foster healthier and more productive juniper 
woodlands, with the potential for enhanced growth and biomass 
accumulation in the remaining trees.

4.3   |   Topography and Interspecific Competition as 
Crucial Factors in Juniper Growth Population

Juniper annual growth patterns are sensitive to drought stress 
(Alfaro-Sánchez, Espelta, Valladares, et  al.  2021), which is in 
turn influenced by sun exposure, competitive impacts of dwarf 
shrubs and legacies of agriculture on nutrient supply. We found 
that high solar radiation had a negative impact on young juni-
pers but supported high-biomass mature stands. These mature 
stands are characterised by extensive root systems that access 
deeper water reserves and provide microclimatic buffering 
and shading (Niinemets 2010), making them more resilient to 
heat, high solar radiation and drought stress, potentially en-
abling higher rates of photosynthesis with the same insolation. 
However, older stands also began accumulating carbon decades 
earlier than the youngest stands in our study and will not have 
been affected by climate change and increasing drought stress 
in the same way. Climate change has resulted in a higher fre-
quency of hot days and dry conditions in the Iberian Peninsula 
since the 20th Century (Intergovernmental Panel on Climate 

Change (IPCC)  2023; Lindner et  al.  2010) and may have af-
fected the suitability of more exposed sites for Juniper in the re-
gion, increasing the relative impact of solar insolation growth. 
Unpicking the relative importance of recent climate change and 
increased resilience with age on growth rates requires further in-
vestigation. We also found that higher densities of dwarf shrubs 
were correlated with lower biomass for junipers of the same age, 
suggesting that competition for nutrients and water is a limit-
ing factor in areas with greater shrub cover (DeSoto et al. 2010; 
Montesinos and Fabado  2015). While recruitment can benefit 
from heterospecific cover in extreme conditions (Martín-Forés 
et al. 2022), our findings showed that once woodland is estab-
lished, dwarf shrubland negatively impacts biomass. This inter-
specific competition might overshadow the positive effects seen 
during the recruitment phase. Our results indicate that com-
petition with other species causes similar variations in wood-
land biomass as abiotic stressors like topographical changes. 
Resilience to drought is also influenced by agricultural legacies. 
In abandoned agricultural sites, higher nutrient availability 
promotes relatively fast growth of young juniper stands under 
low drought stress, but this growth advantage comes at the cost 
of increased vulnerability to more intense droughts (Alfaro-
Sánchez, Espelta, Valladares, et al. 2021).

5   |   Implications for Conservation

By combining land cover mapping over 34 years with field-
based measurements and structure-from-motion analyses, 
our study revealed significant expansion of juniper wood-
lands in abandoned agricultural land. Woodland expansion 
is linked to topography and sun exposure. Rapid growth of 
new juniper stands in more shaded sites may have benefited 
from these lands having been cultivated and enriched with 
nutrients in the past. Junipers were significantly affected by 
intra- and interspecific competition, with greater densities of 
dwarf shrubland within stands negatively impacting juniper 
biomass at the landscape scale. This suggests different con-
straints on growth may be acting on the expanding front of the 
woodland and demonstrates the importance of local competi-
tion and abiotic conditions for expanding growth, acting over 
large spatial scales and multi-decadal time scales. Beyond 
our regional focus, our integrative framework—combining 
airborne photogrammetry, long-term land cover analysis and 
field-based biomass models—offers a scalable and transferable 
approach to study vegetation dynamics across broader spatial 
and temporal scales. This novel and comprehensive method-
ology could be readily applied to other study areas to monitor 
natural regeneration and assess the efficacy of restoration ef-
forts in other ecosystems. Likewise, it could be implemented 
to study climate-driven vegetation shifts, thereby enhancing 
large-scale conservation and management planning under fu-
ture climate conditions.

We suggest experimenting with mechanical shrub clearance 
or controlled grazing to reduce the long-term colonisation and 
dominance of these priority habitats by competing woody spe-
cies (Castro et  al.  2004; DeSoto et  al.  2010; Smit et  al.  2008). 
Implementing combined silvicultural and soil management 
practices across these expanding woodlands could also im-
prove water retention, nutrient availability and soil structure 
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(Binkley and Fisher 2019), thereby benefiting juniper trees over 
the woody species growing in their vicinity. Carefully tailored 
management strategies could enhance the resilience of Spanish 
juniper to future abiotic stressors, such as climate change.
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Appendix S1. Land cover classification and link with topography. 
 

S1.1. Land cover classification, training points and protocol 

The four land cover classes in which we classified our study landscape are described in Table S1.1.1.  

Table S1.1.1 Classes used in the training and classification of land cover and its consumers’ and producers’ accuracy in the region of 

Alto Tajo Natural Park. The number of train points used per modal class is shown, along with the number of training point years per 

class in brackets. 

Land cover class Definition 
Training 

points 

Validation 

points 

Consumer’s 

Accuracy 

Producer's 

Accuracy 

Agriculture Arable land with signs of cultivation and 
possible irrigation. 29 (48) 14 (19) 78.6 57.9 

Grassland and 

dwarf shrubland 

Open areas dominated by short vegetation, (5-
50 cm tall), with no evidence of cultivation or 
irrigation and less than 10 % tree cover. 86 (433) 37 (48) 55.9 68.8 

Woodland and 

shrubland 

A relative tree or shrub cover of greater than 
20 %, but less than 80 %. Individuals are > 0.5 
m tall and may reach up to 10 m. 

120 (212) 50 (81) 78.5 76.5 

Closed forest Trees over 5 m tall with attached canopies; in 
the region evergreen, deciduous and mixed 
forests. 

50 (92) 23 (40) 91.7 82.5 

 
Landsat images used to classify landscape into four cover classes for 17 years (1984-2018) were thoroughly checked to identify 

clouds. To avoid cloud effects on data quality, we only considered extracted Landsat data (from six Landsat bands, Table S1.1.2) when 
cloud cover was lower than 20 %. Moreover, we masked any remaining clouds and cloud shadows prior to the formation of image 
composites using masks obtained from image metadata, provided by the United States Geological Survey (USGS). The abundance of 
cloud cover in some years and the presence of scenes with visible artefacts, which were also excluded from subsequent processing, 
meant that composite scenes were not assembled for every year. When composites in one year did not cover the entire area of interest 
(this only happened in three cases) we combined the summer and winter images of adjacent years to produce a complete image. The 

year of the imagery contributing most of the coverage was recorded as the year of the composite.  
 

Table S1.1.2. Wavelengths (μm) of Landsat bands used in the training and prediction of land cover from 1984-2018. 

Satellite Blue Green Red Near Infrared Shortwave Infrared 1 Shortwave Infrared 2 

Landsat 5 0.45-0.52 0.52-0.60 0.63-0.69 0.77-0.90 1.55-1.75 2.08-2.35 

Landsat 7 0.45-0.52 0.52-0.60 0.63-0.69 0.77-0.90 1.55-1.75 2.08-2.35 

Landsat 8 0.45-0.51 0.53-0.59 0.64-0.67 0.85-0.88 1.57-1.65 2.11-2.29 

 
Each manual classification point generated was classified as one of the focal land classes (Table S1.1.1), based on a 30m buffer 

surrounding each point. Each point was assigned a landcover for each year in which satellite data was available on Google Earth Pro 
(30-50 cm resolution, acquired by CNES/AIRBUS). For each location, a 30 m buffer was used to define the areas around each point 
was us, and if the point was on the side of a road, we double checked our classification by using Google Street View imagery 
corresponding to a year for which Google Earth data was available. Therefore, we classified each point based on the 30 m² surrounding 

it and repeated this for multiple years (2004-2018) to account for interannual variation (Table S1.1.3), which resulted in 673 
classifications of 409 spatially unique points. Due to incomplete satellite image coverage and cloud cover, 3 % of the points remained 
unclassified. Where we found pixels with mixed classes, we recorded the class that occupied most of the land cover. We manually 
masked all urban areas from land cover classification and subsequent analyses due to their low coverage and lack of training data. 

 
 
 
 

 



Table S1.1.3. Years in which training, and validation point-years were trained or validated, using satellite and street view imagery 
from Google Earth Pro. 

 

 

 

 

 
Due to uncertainty in the quality of georeferencing in the satellite imagery provided by Google Earth Pro, the locations of all 

training and validation points were cross checked against robustly georeferenced 2019 satellite imagery also acquired by 
CNES/AIRBUS, but accessible via the basemap of Google Earth Engine. A high degree of accuracy was found for all points, with 
over 90 % showing less than 1 m of displacement. Where an offset in satellite imagery was found, it was commonly less than 3 m and 

would have had no impact on point classification. However, where an offset was observed, the classification was based on the 30 m 
surrounding the true location of the point, as shown by Google Earth Engine.  

Regarding the training of the model, we ensured all multi-year classifications for a given point were included in the same data 
subset to avoid inflating the validation score and therefore, the accuracy. To ensure the difference in Landsat bandwidths between 
Landsat 8 and 7 did not impact on the classifier, we performed a second hindcasting validation, by using training points from 2014-
2018 against points from 2004-2013, achieving a cross-validation accuracy of 71.4 %.  

Due to the scarcity of urban areas in the region, insufficient reference points were available to reliably identify these areas. 
Therefore, we removed reference points classified as urban (26 points) and masked urban areas in all data sets used to inform the land 

cover classifier using the 2018 CORINE land cover data, prior to classifying other land cover classes. The final reference data set 
consisted of 409 points (spatially unique) and 673 point-years (including multi-year classifications). The Random Forest classifier was 
trained over 300 trees with a bag fraction of 0.7 and a minimum leaf population of 3. Manual validation data points were matched to 
the corresponding sites in the relevant year. We calculated the overall cross validation accuracy and the producers and consumers 
accuracy for the identification of each land cover class individually. 
 
S1.2. Calculation of topography elements 
 

To identify links between land cover change over time and topography we obtained data on elevation (m), slope (degrees), and 

annual solar insolation (kW.m-2.year-1).  
Elevation and slope were extracted from the structure-from-motion derived from Digital Terrain Model (DTM) and aggregated to 

the resolution of land cover maps. 
 

Year Training points Validation Points 

2004 9 3 
2009 48 21 
2010 50 18 
2011 112 42 
2014 9 2 
2015 209 81 
2017 1 0 

2018 47 21 



 
Figure S1.2.1. Distribution of elevation values across the area confirmed to be monospecific Juniperus thurifera in the field. (a) 

Elevations of the areas identified as juniper; (b) Elevations of the 1500 pixels used in the analysis of variation in above ground biomass 

(see main text); (c) Spatial distribution of elevation values in the area confirmed to be monospecific J. thurifera in the field. 

 



 
Figure S1.2.2. Distribution of slope values across the area confirmed to be monospecific J. thurifera in the field. (a) Slope of the areas 

identified to be juniper; (b) Slopes of the 1500 pixels used in the analysis of variation in above ground biomass (see main text); (c) 

Spatial distribution of slope values in the area confirmed to be monospecific J. thurifera in the field. 

 

Solar insolation was calculated at a 5 m resolution using a digital terrain model, slope map and aspect map calculated from the 

Spanish national DTM at a 5 m resolution (MDT05 2009 CC-BY 4.0,  Instituto Geográfico Nacional, 2009), produced by the National 

Geographic Institute of Spain and the autonomous communities of Catalonia, Castilla La Mancha, Galicia, Region of Murcia and 

Valencian Community. All analyses were performed in Grass GIS 7.8 (GRASS Development Team, 2019) using the r.sun.daily addon 

(Petras and Petrasova 2019). This source enables the use of a 0.1-degree buffer around the study area during the calculation of 

insolation, to account for topographic shadows cast from outside the area of interest. 



 

Figure S1.2.3. Distribution of solar insolation values across the area confirmed to be monospecific J. thurifera in the field. (a) 

Insolation of the area identified to be juniper; (b) Insolation of the 1500 pixels used in the analysis of variation in above ground biomass 

(see main text); (c) Spatial distribution of insolation values in the area confirmed to be monospecific J. thurifera in the field. 

 

Horizon angle height was calculated using r.horizon (Huld et al. 2007) for all aspects at 45-degree intervals and subsequently used 

in the calculation of annual insolation via the addon r.sun.daily (Petras and Petrasova 2019). Albedo was calculated from a composite 

of values for black-sky albedo for the visible spectrum, via Google Earth Engine (2000-2019) after all data without full Bidirectional 

Reflectance Distribution Function (BRDF) inversions were masked (Schaaf and Wang 2015). Linke turbidity coefficient was calculated 

from 10 random values extracted for the study area from the Linke turbidity factor data set of the SoDa project (Remund et al. 2003). 

Calculated landscape albedo was 0.21 and the Linke turbidity coefficient was 0.337 (SD = 0.067). Solar insolation (data accessed from 

www.soda-pro.com) was aggregated to a 26.9 m resolution. A 0.1-degree buffer was employed around the study site for all calculations. 

Solar insolation was calculated for even hours in a 24-hour period, for 365 days of the year. Annual insolation was calculated as the 

sum of daily solar insolation over a 365-day period.  

 

S1.3. Land cover distribution linked with topography 

 

Rates of change in elevation, slope and solar insolation are provided in Tables S1.3.1 and S1.3.2. Moreover, those rates are shown 

for each quantile and each land cover classification used in the quantile regressions. Those calculations were used to assess how land 

cover patterns had changed with respect to topography, over the 34 years of study. Consumer and producer’s accuracies were both 

highest for open woodland and closed forest. The challenge of distinguishing between unirrigated arable agriculture and grassland 

resulted in a lower consumer and producer’s accuracy for those classes.  

 

 

 

 

 

http://www.soda-pro.com/
http://www.soda-pro.com/
http://www.soda-pro.com/
http://www.soda-pro.com/
http://www.soda-pro.com/


Table S1.3.1. Rate of change (with standard errors) in land cover area (km2.year-1) in a depopulated region of central Spain, along with 

standard error estimates, for 1984-2018. The absolute area and median elevation (m), slope (degrees) and solar insolation (kW.m-2.year-

1) for each land cover class, at the beginning and end of the studied time series, are also shown, with the interquartile ranges for 

elevation, slope and solar insolation.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

Land cover class Elevation Slope Solar insolation 

Year 1984 2018 1984 2018 1984 2018 

Agriculture 1130 ± 111 1132 ± 109 7.73 ± 8.13 5.22 ± 5.69 2072 ± 213 2078 ± 162 

Grassland and dwarf shrubland 1095 ± 115 1133 ± 112 14.48 ± 11.68 10.47 ± 11.64 2061 ± 340 2050 ± 255 

Woodland and shrubland 1091 ± 112 1078 ± 110 21.55 ± 13.78 15.31 ± 12.53 2157 ± 692 2114 ± 438 

Closed forest 1108 ± 32 1095 ± 72 30.20 ± 15.06 21.23 ± 7.94 2099 ± 644 2131 ± 431 



Table S1.3.2. Rates of change in land cover elevation (m.year-1), slope (degrees.year-1) and solar insolation (kW.m-2.year-2), for each quantile used in quantile regression, along with standard error 
estimates for the rates of change for 1984-2018, in the region of study in central Spain. Median elevation, slope and insolation are provided for each land cover class at the beginning and end of 
the studied time series, along with the relevant interquartile ranges. All slopes are significant at the P < 0.0001 level, except for slopes marked † which were not significant, and ‡ which were 

significant at the P < 0.05 level.  
 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

Land cover Class 
Change in elevation per quantile Quantile significance 

10 25 50 75 90 F P 

Agriculture 0.23 ± 0.03 -0.09 ± 0.02 -0.15 ± 0.03 -0.11 ± 0.02 -0.22 ± 0.02 46.8 <0.0001 

Grassland and dwarf shrubland 0.40 ± 0.02 0.89 ± 0.02 0.85 ± 0.02 0.57 ± 0.02 0.27 ± 0.01 280.9 <0.0001 

Woodland and Shrubland -0.01 ± 0.02 † -0.05 ± 0.02 ‡ -0.12 ± 0.03 -0.09 ± 0.03 ‡ 0.05 ± 0.02 ‡ 11.0 <0.0001 

Closed Forest 0.01 ± 0.04 † -0.05 ± 0.17 † -0.01 ± 0.08 ‡ 0.35 ± 0.06 0.39 ± 0.10 15.0 <0.0001 

 
Change in slope per quantile  

Agriculture -0.011 ± 0.001 -0.030 ± 0.002 -0.065 ± 0.002 -0.109 ± 0.003 -0.146 ± 0.005 278.2 <0.0001 

Grassland and Dwarf shrubland -0.027 ± 0.002 -0.040 ± 0.002 -0.069 ± 0.002 -0.065 ± 0.002 -0.041 ± 0.004 99.2 <0.0001 

Woodland and Shrubland -0.036 ± 0.003 -0.066 ± 0.003 -0.108 ± 0.003 -0.083 ± 0.003 -0.051 ± 0.004 115.9 <0.0001 

Closed Forest -0.033 ± 0.018 † -0.056 ± 0.013 -0.087 ± 0.017 -0.117 ± 0.017 -0.278 ± 0.021 13.7 <0.0001 

 
Change in solar insolation per quantile  

Agriculture 5.19 ± 0.21 2.24 ± 0.08 0.83 ± 0.06 0.42 ± 0.05 -0.07± 0.07 † 204.4 <0.0001 

Grassland and dwarf shrubland 0.89 ± 0.13 0.33 ± 0.07 -0.50 ± 0.05 -1.16 ± 0.04 -1.66 ± 0.05 146.7 <0.0001 

Woodland and Shrubland 3.58 ± 0.17 2.45 ± 0.21 -1.31 ± 0.12 -1.55 ± 0.07 -1.00 ± 0.05 241.1 <0.0001 

Closed Forest -10.30 ± 1.52 -5.45 ± 0.55 -6.01 ± 0.43 -1.45 ± 0.26 -0.72± 0.22 47.4 <0.0001 
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Appendix S2. Data at the tree level. 
 

S2.1. Field-measurements at the tree level 

We used Geneq iSXBlueII+ GNSS Receiver RTK as the differential geographic positioning system to georeferenced individual 
trees in the field. We measured tree height with a Haglof Vertex IV hypsometer, and we used a DME-distance measurer (Haglöf, 
Sweden) to measure the two perpendicular axes centred on the trunk to calculate crown diameter. 

 To calculate tree age, we bored the trees at a height of 50 cm using a Pressler increment borer to extract wood cores with intact 
pith extending the trunk diameter. We air-dried the cores, glued them onto wooden mounts, and polished them with progressively finer 
sandpaper until the tree rings became visible. We then estimated the age for each tree by examining the cores with a stereomicroscope. 
We scanned the tree rings at 2400 dpi and measured ring widths with CooRecorder v9.3 (Cybis Elektronik, 2018) to an accuracy of 
0.001 mm. We checked cross-dating using CooRecorder v9.3 and COFECHA 169 (Holmes, 1983). 

  



 

 
Figure S2.1.1. Graphical summary of the properties of the individual J. thurifera surveyed from 2017-2019 across 10 plots in Alto Tajo 
Natural Park, Spain for (a) tree height, (b) basal area, (c) crown projection (m), (d) sex and (e) the relationship between tree height and 
basal area for 447 individuals. 
 

S2.2. Tree level allometry data and statistics 

The allometry used is shown in equations (Eq. S2.2.1-S2.2.5), where d is quadratic mean stem diameter (m) and h is tree height (m). 
This allometry was developed using individuals from Alto Tajo Natural Park and has been previously validated against remote sensing 
estimates for this region (Ruiz-Peinado et al. 2011; Simonson et al. 2015). 

 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑗 =  𝐵𝑗 𝑆𝑡𝑒𝑚 + 𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝐿 + 𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝑀 + 𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝑆 𝑎𝑛𝑑 𝑁𝑒𝑒𝑑𝑙𝑒𝑠  (Eq. S2.2.1) 

𝐵𝑗 𝑆𝑡𝑒𝑚 = 0.0132 × 𝑑𝑗
2 × ℎ𝑗 + 0.217 × 𝑑𝑗 × ℎ𝑗    (Eq. S2.2.2) 

𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝐿 = [0.107 × (𝑑𝑗 − 22.5)
2

] × 𝑍      where 𝑍 =  {
0 𝑖𝑓 𝑑𝑗 ≤ 22.5

1 𝑖𝑓 𝑑𝑗 > 22.5
     (Eq. S2.2.3) 

𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝑀 = 0.00792 × 𝑑𝑗
2 × ℎ     (Eq. S2.2.4) 

𝐵𝑗 𝐵𝑟𝑎𝑛𝑐 𝑆 𝑎𝑛𝑑 𝑁𝑒𝑒𝑑𝑙𝑒𝑠 = 0.273 × 𝑑𝑗 × ℎ𝑗           (Eq. S2.2.5) 

 

Information regarding the distribution of individual allometric traits for the J. thurifera located on our plots is presented in Figure 

S2.1.1. The data provided shows the distribution of traits used in analyses, but not otherwise depicted, including tree heights, basal 

area, crown projection, and sex.  

 

a) b) c) 

f) e) 



S2.3. Aggregating tree level measurements at the plot level 

We aggregated the data obtained at the tree level to estimate biomass, tree density and sex ration per plot in each of the stages of 
the gradient of forest expansion. Table S2.3.1 shows the tree-level and plot-level properties. 

 

Table S2.3.1. Summary of the average tree characteristics (height (m), tree quadratic diameter (QD) as estimated from stem diameter 

at breast height (dbh) (cm) as 𝑄𝐷 =  √∑ 𝑑𝑏ℎ1−𝑛
2  where n is the number of stems, basal area (m2), age (years) and biomass (kg.tree-1)) 

and plot characteristics (biomass (Mg.ha-1), tree density per plot (trees.ha-1) and sex ratio (male:female)) with standard error for each 
regeneration stage (expansive front, transition zone and mature forest). Individuals that were hermaphrodite or not clearly identifiable 
as either male or female were excluded in the calculation of the sex ratio for each plot. Notice that biomass refers only to above-ground 

biomass. 

  
Tree-level properties Plot-level properties 

  

Stage Number 
of plots 

Height  QD Basal area Age Biomass Biomass Density Sex ratio 

Expansion 
front 

4 4.08 ± 0.11 12.4 ± 0.6 0.016 ± 0.002 22.8 ± 0.9 52.3 ± 5.3 1.8 ± 0.4 36.9 ± 10.7 2.2 ± 0.3 

Transition 
zone 

3 4.75 ± 0.12 16.8 ± 0.8 0.029 ± 0.003 25.0 ± 1.3 93.3 ± 8.3 12.4 ± 7.4 0.8 ± 0.5 1.8 ± 0.3 

Mature 
forest 

3 5.33 ± 0.13 19.7 ± 0.9 0.040 ± 0.003 39.0 ± 1.6 133.5 ± 11.6 16.8 ± 3.2 126.2 ± 25.0 1.7 ± 0.2 
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Appendix S3. Mapping juniper growth at the landscape level. 
 

S3.1. Airborne data collection 

The Dornier 228 aircraft was carrying an iXU-RS1000 (50 mm) camera at an altitude of 1.13 km, on 19th June 2017, and collected 

Red Green Blue (RGB) images at a resolution of 9.48 cm.pixel-1. Aerial imagery was georeferenced using a Leica global navigation 

satellite system base station located at Huertahernando, provided by the Natural Environment Research Council (NERC) Geophysical 

Equipment Facility (n.d.). A further 21 georeferenced points were collected across the landscape to facilitate subsequent 

orthorectification. Digital imagery collected by the NERC Airborne Research and Survey Facility (NERC-ARF) was orthorectified 

(Figure 1(a) in the main text) and processed using Agisoft Photoscan v1.4.0 build 5650 by NERC-ARF Data Analysis Node (DAN) to 

produce a structure-from-motion (SFM) derived point cloud containing over 160,000,000 points with an average point density of 8.42 

m-2 and an estimated error of 0.24 m in longitude and latitude and of 0.58 m in altitude.  

A summary of the survey data collected by the NERC-ARF project ES17/126 on 19th June 2017 is provided, along with details of 

the processing carried out by NERC-ARF-DAN to produce the orthomosaic and dense point cloud (Figure S3.1 and Table S3.1). Areas 

associated with 2 or fewer viewing angles were excluded from the landscape biomass analyses. All graphics and data in S3 were 

provided by NERC-ARF-DAN.  

 

Figure S3.1. Camera locations (points) and image overlap of remote survey data processed via Agisoft Photoscan to assemble an 

orthomosaic and dense point cloud produced by NERC-ARF-DAN. 

 



Table S3.1. Summary of the RGB data collected by NER-ARF on 19th June 2017 and subsequent processing parameters. 

Data Properties Dense Point Cloud Reconstruction Parameters 

Number of Images 142 Points 162,953,704 

Camera Stations 137 Quality Medium 

Flight altitude (km) 1.13 Depth Filtering Aggressive 

Ground Resolution (cm.pixel-1) 9.48    

Reprojection error (pixel) 0.376   

Coverage area (km2)  19.6   

Control points 21   

Point Cloud Alignment Parameters Orthomosaic Reconstruction Parameters 

Accuracy Highest Blending mode Mosaic 

Generic preselection Yes Enable hole filling  Yes 

Reference preselection Yes Surface DEM 

Key point limit 40,000   

Tie point limit 4,000   

Adaptive camera  Yes   

 

S3.2. Scaling plot biomass estimates to the landscape scale 

We compared models of biomass as a function of either top of canopy height, canopy fraction or the interaction between the two 

and carried out a leave-one-out regression on log transformed data of the biomass at the plot level (BiomassPlot). This enabled a linear 

analysis satisfying normality. We selected the model with the lowest percentage bias (Eq. S3.2.1), root mean squared error (RMSE) 

and mean absolute error (MAE) to predict landscape biomass. Percentage bias was calculated as equation (Eq. S3.2.2), RMSE was 

calculated as equation (Eq. S3.2.3) and MAE was calculated as equation (Eq. S3.2.4), where Oi is an observed value in an independent 

validation data set, Pi is the predicted value for the observed data point and n is the number of validation data points.  

 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑏𝑖𝑎𝑠 =  
100

𝑛
 ×  𝛴 

𝑃𝑖−𝑂𝑖

𝑂𝑖
                             (Eq. S3.2.1) 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
𝛴(𝑃𝑖  − 𝑂𝑖)2                                             (Eq. S3.2.2) 

     𝑀𝐴𝐸 =  
1

𝑛
𝛴(𝑃𝑖  − 𝑂𝑖)                                               (Eq. S3.2.3) 

 

To account for error introduced by the anti-logarithmic conversion, a correction factor (C) was calculated using equation (Eq. 

S3.2.5) where SEE is the standard error of estimation, calculated as equation (Eq. S3.2.6), where n is the sample size and Oi and Pi are 

observed and predicted values used in the leave-one-out regression cross validation (Baskerville, 1972). 

 

𝐶 =  𝑒𝑥𝑝(
𝑆𝐸𝐸2

2
)                                    (Eq. S3.2.4) 

𝑆𝐸𝐸 =  √𝛴
(𝑂𝑖  − 𝑃𝑖)2

𝑛
                                          (Eq. S3.2.5) 

 

 The relationship between predicted values of biomass at the landscape level derived from SFM (BiomassSFM) and allometry based 

values of BiomassPlot was defined by the equation S3.2.6. and is shown in Figure S3.2.1. There was a positive correlation between plot 

canopy fraction and top of canopy height within the calibration data set (Pearson’s r = 0.774; P < 0.01), indicating lower canopy 

fractions and shorter trees at the expanding front of juniper woodlands. The landscape biomass distribution is shown in Figure S3.2.2. 

 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑆𝐹𝑀  =  32.9 x 1.11(𝑇𝑜𝑝 𝑜𝑓 𝑐𝑎𝑛𝑜𝑝𝑦 ℎ𝑒𝑖𝑔ℎ𝑡 𝑥  𝑐𝑎𝑛𝑜𝑝𝑦 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛)0.62               (Eq. S3.2.6) 

  



The best-fit biomass model of BiomassSFM allowed us to generalise our estimates of biomass to the landscape scale, comprising 

a wider range of conditions than those it is practical to collect field data for. BiomassSFM was estimated at the resolution of Landsat 

imagery (26.9 m2) over an area of 4.3 km. As this resolution was smaller than the mean plot size (94.7 m2), we also calculated 

BiomassSFM at a resolution of 80.6 m and 107.5 m, and estimated the percentage bias, RMSE and MAE introduced by variation in 

resolution, to ensure resolution did not bias model results. 

 

 

Figure S3.2.1. Plot above ground biomass (BiomassPlot) estimates compared to the remote sensing derived estimates of Biomass 

(BiomassSFM) produced by leave-one-out regression of BiomassPlot as a function of mean top of canopy height and canopy cover fraction. 

 

 
Figure S3.2.2. Above ground biomass of J. thurifera estimated from top of canopy height and canopy fraction at a resolution of 26.9 

m for areas known to be dominated by J. thurifera.  

 



S3.3. Landscape above ground biomass model - alternative forms 

We present the results of alternative models of above ground biomass (Mg.ha-1) as a function of variables derived from a structure 

from motion canopy height model, along with associated root mean squared errors, mean absolute errors, percentage biases, and anti-

logarithmic correction factors (Table S3.3.1). Biomass was modelled using a leave one out regression as a function of mean top of 

canopy height (TCH), cover fraction at 0.5 m (CF) and a compound variable of TCH and CF (TCH X CF, see main text). Coefficients 

for the final model are presented in the main text, and coefficients of the alternate models are given here in equations Eq. S3.3.1 and 

Eq. S3.3.2.  

 

 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝐶𝐹 = 𝐶𝐶𝐹(27.73 × 𝐶𝐹0.75)     (Eq. S3.3.1) 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑇𝐶𝐻 = 𝐶𝑇𝐶𝐻(2.01 × 𝑇𝐶𝐻2.48)           (Eq. S3.3.2) 

 

Table S3.3.1. Root mean squared errors (RMSE), mean absolute errors (MAE), percentage biases (Bias), and anti-logarithmic 

correction factors (Ci) for each model structure used to model above ground biomass. 

Explanatory Variable RMSE MAE Bias (%) Ci 

TCH 0.904 0.761 39.7 1.50 
CF 0.397 0.335 15.9 1.08 

TCH X CF 0.456 0.358 10.4 1.11 
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Appendix S4. Juniper growth at the individual scale and effects of sex and intraspecific competition. 
 

The Hegyi index is the most classical spatial competition index which allows quantitative calculation of the effect of intraspecific 

competition (Uhl et al. 2015). This index considers the distance between the target tree and its competitors at a given distance, and 

their relative size to the target tree. It can be calculated following Eq. S4.1. 

 

𝐷𝐶𝐼𝑗 = ∑ (
𝑑𝑖

𝑑𝑗
.

1

1+ 𝐷𝐼𝑆𝑇𝑖𝑗
)𝑛

𝑖=1                                                                  (Eq. S4.1) 

where j is the target tree, i its neighbour, dj and di their diameters respectively, and DISTij represents the distance between both trees.  

To determine whether the lack of a significant effect of sex on variation in individual above ground biomass (BiomassTree) was due 

to the allometric equations used not being sex dependent, we repeated the analysis, using variation in tree height and basal area as our 

response variables, rather than above ground biomass. When calculating Hegyi coefficients, a threshold of 10 m was used for the 

analysis of tree height and a threshold of 20 m was used for basal area, which was analysed as a natural logarithm of basal area. The 

assumptions of normality were met for all regression analyses. 

Both tree height (TH) and basal area (BA) were also found to vary significantly with tree age (TH Wald interval: 2.5 % = 0.048, 

97.5 % = 0.075; BA Wald interval: 2.5 % = 0.035, 97.5 % = 0.055) and Hegyi competition coefficients (TH Wald interval: 2.5 % = -

0.320, 97.5 % = -0.163; BA Wald interval: 2.5 % = -0.337, 97.5 % = -0.227), and in both cases, sex was removed from the model based 

on model AIC (Table S4.1). Plot identity explained 16.3 % and 34.5 % of the variance in tree height and basal area, respectively. 

Coefficient estimates for both models are shown in equations (Eq. S4.2 – Eq. S4.3). AIC scores associated with all three model 

structures are provided in Table S4.1. Starting fixed effect model structures are shown in equations (Eq. S4.2 – Eq. S4.6). 

 

𝑇𝐻 =  3.346 + 0.062 𝐴𝑔𝑒 − 0.241 𝐻10            (Eq. S4.2) 

ln(𝐵𝐴) =  −5.164 + 0.045 𝐴𝑔𝑒 − 0.282 𝐻20                  (Eq. S4.3) 

 

ln(𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑇𝑟𝑒𝑒) =  𝑎 + 𝑏 𝐴𝑔𝑒 + 𝑐 𝐻20 +  𝑑 𝑆𝑒𝑥          (Eq. S4.4) 

𝑇𝐻 =  𝑎 + 𝑏 𝐴𝑔𝑒 + 𝑐 𝐻10 +  𝑑 𝑆𝑒𝑥     (Eq. S4.5) 

ln (𝐵𝐴) =  𝑎 + 𝑏 𝐴𝑔𝑒 + 𝑐 𝐻20 +  𝑑 𝑆𝑒𝑥         (Eq. S4.6) 

 

Table S4.1. Model selection for equations (S4.4-S4.6) explaining variation in the natural logarithm of above ground biomass 

(ln(BiomassTree)), tree height (TH) and the natural logarithm of basal area (ln(BA)). Where ‘.’ refers to the starting model structure 

shown in equations (Eq. S4.4–Eq. S4.6) and H10 and H20 to the Hegyi coefficient using a threshold of 10 m or 20 m respectively. 

Model structure AIC Model structure AIC Model structure AIC 

ln(BiomassTree) ~ . 390.7 TH ~ . 537.1 ln(BA) ~ . 422.6 

ln(BiomassTree) ~ . - Sex 384.7 TH ~ . - Sex 533.0 ln(BA) ~ . - Sex 417.5 

ln(BiomassTree) ~ . - H20 447.0 TH ~ . - H20 552.5 ln(BA) ~ . - H20 480.0 

ln(BiomassTree) ~ . - Age 458.5 TH ~ . - Age 597.7 ln(BA) ~ . - Age 476.1 

ln(BiomassTree) ~ . - Sex - Age 455.9 TH ~ . - Sex - Age 596.5 ln(BA) ~ . - Sex - Age 475.2 

ln(BiomassTree) ~ . - H20 - Age 511.3 TH ~ . - H10 - Age 619.7 ln(BA) ~ . - H20 - Age 536.2 

ln(BiomassTree) ~ . - H20 - Sex 442.1 TH ~ . - H10 - Sex 548.7 ln(BA) ~ . - H20 - Sex 475.6 

ln(BiomassTree) ~  1 511.5 TH ~ 1 619.5 ln(BA) ~  1 536.8 
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Appendix S5. Effect of topography and interspecific competition on juniper growth at the landscape scale. 
 

We investigated the effects of local topography on juniper growth rates at the landscape scale to assess environmental suitability. The 

analysis was carried out on 1,500 randomly selected pixels within the region of known juniper woodland. Solar insolation was 

calculated as previously described. Values for elevation, slope and solar insolation previously obtained were scaled and centred prior 

to analysis. Correlations between continuous explanatory variables were assessed prior to analysis using Kendall’s rank correlation 

(Table S5.1). Insolation was closely correlated with aspect but not elevation or slope (Table S5.1).    

 

Table S5.1 Kendall’s rank correlation coefficient for woodland age, elevation, slope and solar insolation in the 1500 points used in the 

analysis of above ground biomass (see main text). 

 

 
Age Elevation Slope Insolation 

 

Age - - - - 

Elevation -0.042 - - - 

Slope 0.048 0.019 - - 

Insolation -0.014 -0.049 -0.022 - 

 

 We manually classified dwarf shrubland cover within 30 m pixels of juniper woodland as low, medium and high-density shrub 

cover using the photogrammetry derived orthomosaic (Figure S5.1). 

 

Figure S5.1. Reference examples of dwarf-shrub cover within 30 m pixels of juniper woodland, manually classified as low, medium 

and high-density shrub cover.   

 

 Associations between the distribution of dwarf shrub cover and both age and topographically derived variables were ruled out using 

an ordination (Figure S5.2). 



 

Figure S5.2. Ordination of woodland age, slope, elevation, and solar insolation in the dataset used to analyse variation in above ground 

biomass, showing the first two axes of a principal component analysis. Hulls for each class of shrubland density are shown.  

 

 Model coefficient estimates of the effects of topography and interspecific competition on juniper growth at the landscape scale 

are provided in Table S5.2. 

 

Table S5.2. Effect sizes and significance of time since colonisation (age), topography and interspecific competition (dwarf- shrubland 

cover) on J. thurifera growth at the landscape scale, estimated via a spatial simultaneous autoregressive error model using a square-

root transformation of the response variable.  

 

  

Estimate Standard Error Z value P value 
 

Intercept (Low dwarf-shrubland cover) 3.273 0.074 44.3 < 0.0001 

Age 0.040 0.002 16.0 < 0.0001 

Elevation (scaled) -0.305 0.012 -25.3 < 0.0001 

Insolation (scaled) -0.233 0.105 -2.2    0.0266 

Medium dwarf-shrubland cover -0.358 0.047 -7.6 < 0.0001 

High dwarf-shrubland cover -0.601 0.068 -8.9 < 0.0001 

Age x Insolation (scaled) 0.015 0.004 4.0 < 0.0001 
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