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ARTICLE INFO ABSTRACT

Editor: Marie Weiss Secondary succession (SS) is one of the main consequences of the abandonment of agricultural and forestry

practices in rural areas, causing -among other processes- woody encroachment on former pastures and croplands.

Keywords: In this study we model and monitor the spatial evolution of SS over semi-natural grassland communities in the
Landsat mountain range of the Pyrenees in Spain, during the last 36 years (1984-2019). Independent variables for
t:ﬁgzlf;l:;onment ‘annual-based’ and ‘period-based’ modeling were drawn from a suite of Surface Reflectance Landsat images,
SUM LandTrendr (LT)-algorithm-adjusted images and LT outputs. Support vector machine (SVM) classifiers were

trained and tested using all possible variable combinations of all the aforementioned datasets. The best modeling
strategy involved yearly time series of LT-adjusted Tasseled Cap Brightness (TCB) and Wetness (TCW) axes as
predictors, attaining a Fl-score of 0.85, a Matthew Correlation Coefficient (MCC) of 0.67 and an AUC 0.83.
Woodlands encroached above 480,000 ha of grasslands and crops during the study period. A model using LT
outputs for the whole period also denoted good performance (F1-score = 0.85, MCC = 0.75) and estimated a
similar area of woodland expansion (~509,000 ha), but this ‘period’ approach was unable to provide temporal
information on the year or the encroachment dynamics. Our results suggest an overall proportion of 66% for the
Pyrenees being affected by SS, with higher intensity in the west-central part, decreasing towards the eastern end.

1. Introduction

Global change promotes swift environmental responses through
sharp socio-economic and environmental dynamics (Lahsen et al.,
2010), leading to land cover transformations such as those triggered by
land abandonment.

Grassland communities are among the most extended biomes around
the world (Ali et al., 2016; Latham et al., 2014), and are an important
food provider for humans through livestock grazing. Livestock trans-
form forages not suitable for human consumption into food such as milk
and meat (O’Mara, 2012), accounting for up to 27% of the global meat
supply in 2018 (FAO, 2018). Natural grasslands such as savannah or
steppes cover vast areas in Asia, Africa, America and Australia, whereas
managed and semi-natural grasslands are predominant in Europe and

North America (Foley et al., 2005; O'Mara, 2012).

In Europe, semi-natural grasslands extend over large areas in the
Central and Eastern plains, the British islands and the Mediterranean
basin (Foley et al., 2005). In all European countries, the abandonment of
traditional agricultural practices (e.g., free-ranging livestock, and sheep-
or cattle-grazed rainfed crops) since the 1950’s has led to the pervasive
loss of semi-natural grasslands, colonized by shrub and tree commu-
nities in an ecological process known as secondary succession (SS). Land
abandonment and SS have particularly affected mountain areas (Lasanta
et al., 2017), and have both positive and negative side effects (Ustaoglu
and Collier, 2018). The most widely recognized positive impact is car-
bon sequestration (Navarro and Pereira, 2012), though some recent
studies suggest the expansion of shrubland-type communities may
reduce the overall carbon pool at the ecosystem level (e.g. Sgrensen
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et al., 2018). Well-managed grasslands also act as CO5 sinks, with
considerable potential for soil organic carbon storage (0.01 to 0.3 Gt C
yr~%; Lal, 2004). On the negative side, biodiversity usually decline after
woody encroachment (Van Auken, 2009), as do water availability and
river flow. Potential undesired effects, including biodiversity loss,
damage to ecosystem services, fuel built-up, or land degradation, are
often a consequence of the withdrawal of human stewardship that has
kept these cultural landscapes open. In fire-prone ecosystems, the SS
process increases wildfire hazard due to fuel accumulation (Lasanta
et al., 2018; Pausas and Bond, 2020).

Monitoring the evolution of SS contributes to a better understanding
of its drivers and ecological implications, while being a helpful source of
information for environmental assessment, decision-making and plan-
ning. Remote Sensing (RS) is both a powerful tool and a valuable
resource to assess land cover dynamics at multiple scales. Satellite im-
agery has been extensively used to monitor land cover change (Turner
et al., 1994), particularly SS following land abandonment. Without
being exhaustive, we found examples in eastern Europe (Baumann et al.,
2011; Kuemmerle et al., 2009; Kuemmerle et al., 2008), or the entire
European continent (Alcantara et al., 2012; Estel et al., 2015).

Though threatened by SS after land abandonment, sub-alpine
grasslands in the central and eastern Pyrenees are one of the larger
hotspots of managed grasslands in the world (Ali et al., 2016). In the
Pyrenees, experiences on SS monitoring are scarce to date (Gartzia et al.,
2014; José Vidal-Macua et al., 2017) and mostly limited to the local
scale (valley or watershed). Several studies in the Spanish Pyrenees have
assessed SS based on visual photointerpretation (Améztegui et al., 2010;
Cervera et al., 2019; Mottet et al., 2006; Poyatos et al., 2003) or tem-
poral trends of spectral indices (Lasanta and Vicente-Serrano, 2007;
Vicente-Serrano et al., 2006). In the French Pyrenees, Vacquie et al.
(2015) analyzed future land use changes at regional level under different
scenarios. Nonetheless, to date there is no comprehensive analysis of the
spatial and temporal evolution of SS over the highly diverse and valu-
able managed grasslands covering the entire range of the Spanish
Pyrenees.

In this study, we developed and exemplified a methodological pro-
cedure to assess and monitor the dynamic of SS. To do so, we leveraged
the LandTrendr algorithm (LT; Kennedy et al., 2010), an innovative
technique specifically designed to detect land cover changes. According
to Kennedy et al. (2010) there are two broad types of change detection
procedures using RS. One focuses on identifying deviations on the
spectral signal (e.g. Vegetation Change Tracker (VCT) (Huang et al.,
2010) and Continuous Change Detection and Classification (CCDC) (Zhu
and Woodcock, 2014); the second approach isolates changes in time-
series by fitting smoothing algorithms to simplify chronosequences
into representative temporal trajectories. LT, which falls within the later
approach, uses a set of spectral-temporal segmentation algorithms
optimized for Landsat imagery, allowing the detection of changes in the
Earth’s surface (Kennedy et al., 2010). LT computes trajectory-based
spectral data series, omitting or at least significantly reducing the
noise in the spectral signal (Kennedy et al., 2010). Former applications
of LT have addressed forest changes and disturbance detection (Cohen
etal., 2018; Kennedy et al., 2012; Kennedy et al., 2010; Senf et al., 2015)
or general land cover change (Franklin et al., 2015), but SS of grassland
ecosystems after abandonment remains unexplored. SS develops over
decades, with the additional technical challenge posed in our study by
the topographic and socioeconomic complex mountain environment of
the Pyrenees. In this work, we applied LT to the complete series of
Landsat images (1984-2019) using the Google Earth Engine platform.
We combined RS imagery with highly detailed (1:25,000) land cover
maps and aerial ortophotography by means of machine learning algo-
rithms to (i) compare the performance of raw spectral indices, LT tra-
jectories and LT outputs in monitoring grassland losses at regional and
local scales and, (ii) develop a reliable procedure to detect and map SS
over 36 years (1984-2019).
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2. Study area

The study region covers the Spanish side of the Pyrenees mountain
range (Fig. 1). The Pyrenees extend over a 400 km range over the Iberian
Peninsula isthmus between Spain and France. It is the second highest
mountain system in the Iberian Peninsula (500 to 3400 m.a.s.l.). The
climate is high mountain microclimate with oceanic influence at the
western part, with rainfall accumulation varying across an altitudinal
gradient and ranging from 700 to 2500 mm/yr, and mean annual tem-
peratures from 4 to 8 °C (Cuadrat et al., 2007). Crops and grasslands
cover approximately 10% of the Pyrenees (SIOSE, 2014), with envi-
ronmental conditions favoring a wide spectrum of vegetation species
and communities, arranged in elevation belts. Herbaceous crops are
cultivated in lowlands, sometimes combined with woody crops in the
southern part. Above 1600 m.a.s.l. the temperature conditions do not
allow cereal growing, being predominant natural and managed grass-
lands/pastures (Garcia Ruiz and Lasanta, 2018) combined mainly with
mountain pine (Pinus uncinata Ramond ex A.DC.) forests. In forested
montane belt areas (600-1600 m.a.s.l.) beech (Fagus sylvatica L.) and fir
(Albies alba Mill.) predominate in shaded aspects.

During the last decades, the agrarian economic sector was progres-
sively replaced by tourism activities transforming economy, landscape
and demographic trends (Lasanta et al., 2013). This reduction is evi-
denced by the reduction of livestock units between 1999 and 2009, with
a decrease of 77,000 units (—12%) (INE, 2009; INE, 1999). Specifically,
there was a drastic reduction of goat and sheep cattle, and a slight in-
crease of cows and horses, being the last one a special case of breed for
recreational purposes.

3. Methods

The identification of areas that experienced SS was based on the
combination of land cover information and RS imagery. We developed
two modeling approaches, one based on the temporal (‘annual-based’)
progression of land cover types characterizing SS (grasslands and
woodlands) and a second that distinguished areas historically affected
by SS from those with persistent grassland communities (‘period-
based’). The first approach leveraged time series of spectral imagery
while the second relied on complex spectral indices of magnitude and
direction of change in the spectral response. Remote sensing imagery
and spectral indices were accessed and built using the Google Earth
Engine platform (GEE; Gorelick et al., 2017) and the LT algorithm
(Kennedy et al., 2018; Kennedy et al., 2010). Statistical analyses and
models were conducted using the R software (R Core Team, 2017).

3.1. Response variables

3.1.1. Grassland versus woody communities

Land cover types involved in SS, i.e., all grasslands types and woody
vegetation communities, were retrieved from the Spanish Land Cover
Information System (SIOSE). The SIOSE dataset provided highly accu-
rate (1:25,000 scale) land cover information for recent years (2005,
2009, 2011 and 2014), but not for the whole study period (1984-2019).
We used the latest version of SIOSE (2014) to retrieve the most up-to-
date spatial distribution of croplands and grasslands (categories 212
[Herbaceous crops], 290 [Pastures] and 300 [Grasslands]), shrublands
(320) and forested areas (311 [Hardwood], 312 [Deciduous], 313
[Evergreen] and 316 [Coniferous]). Water layers (514 [Reservoir], 511
[Rivers], 512 [Lagoons], 513 [Lakes] and 411 [Swamps]), bare ground
(354 [Quaternary lava washes], 352 [Rocky outcrop]) and urban areas
(111 [Urban continuous], 112 [Urban discontinuous] and 113 [Other
urban areas]) were excluded from further analyses. This information
was used to model the temporal evolution of SS as described in Section
3.3.1.
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Fig. 1. Study area. Hillshade is used as background.

3.1.2. Evidence of SS

In order to obtain ‘ground truth’ information to discriminate
encroached sites from persistent grassland communities over the whole
study period, we carried out a photointerpretation of the available his-
torical series of aerial orthophotography in Spain, longer than the SIOSE
dataset. The main goal was identifying areas that transitioned anytime
in 1984-2019 from ‘grassland or cropland’ into ‘woodland’ (either
scrublands, trees or both) to serve as test sample for the evaluation of
model performance. We built a complementary modeling procedure
upon this information by training and testing binary models for the
whole period based on historical evidence of SS opposed to locations
with persistent grasslands (see Section 3.3.2).

From the collection of orthophotographs, we were able to identify a
set of 477 locations including 250 sites not experiencing SS and 227
locations affected by SS. We visually analyzed and digitized sites in the
series of orthophotographs provided by the Spanish Geographic Institute
(IGN) from the National Plan of Aerial Orthophotography (PNOA,
2019), the OLISAT project (1997,/1998) and the SIGPAC (1997/2003).
Digital orthophotographs were supplied via the Spatial Data Infra-
structure of Navarra (IDENA), Catalonia (ICGC) and the Spanish
Geographical Institute (IGN). Table 1 provides information on these
sources of aerial orthophotography. The selection of sampling sites was
based on a systematic approach guided by a 5 x 5 km grid covering the
entire study area. Each grid point was visually inspected to determine
whether it experienced SS any time during the period of analysis.

Table 1
Description of aerial orthophotography datasets used in this study.

Extent Server Project/ Scale Resolution  Year
program

Spain IGN PNOA 1:15,000 0.25m 2017-2018

Spain IGN OLISAT 1:30,000 0.50 m 1997 & 1999

Spain IGN SIGPAC 1:40,000 0.50 m 1997, 2002 &
2003

Catalonia  ICGC - 1:5000 0.50 m 1988

Navarra IDENA - 1:5000 0.50 m 1982

3.2. Spectral response of the land cover

Models to identify SS were trained from land cover based data and
the spectral signal of the land cover. A set of Landsat TM, ETM+ and OLI
surface reflectance images (SR images) for spring (March-May, 213
images), summer (June-August, 216) and autumn (September-
November, 213) were used in our analyses. We retrieved and processed
images via the GEE environment (Gorelick et al., 2017) Tier 1 surface
reflectance collection in the period 1984 to 2019, covering the region
between paths 197 to 200 and rows 30 and 31. First, we homogenized
OLI data to be comparable with TM/ETM+ sensors data, images were
transformed as suggested by Roy et al. (2016). Then, we calculated the
band value annual medoid at pixel level on a seasonal basis.

3.2.1. Image pre-processing and preparation

The Tasseled Cap transformation (TC; Crist and Cicone, 1984) was
applied to synthetize the original set of 6 spectral bands into a smaller
subset of covariates. TC is an orthogonal transformation of spectral data
based on the ‘physical-sense’ of the 3 resulting axes: brightness (TCB),
greenness (TCG) and wetness (TCW). Time series of the 3 components
transformation (further referred to as TC Raw) were obtained applying
the weighting scheme (Table 1 — supplementary material) proposed by
Crist (1985). As aforementioned, the spectral information from TM and
ETM+ images was homogenized using the procedure described by Roy
etal. (2016). The procedure allows applying the same weights to images
from either TM, ETM+ or OLI sensors.

The Tasseled Cap Angle (TCA) was also calculated as the angle
formed by the TCG and TCB axes (Eq. (1)). It works as a proxy of the
vegetation plane (Crist and Cicone, 1984), i.e., the proportion of vege-
tation to non-vegetation (Gomez et al., 2011).

TCG
TCA = arctan (ﬁ) 1)
3.2.2. LT processing

TC time series were submitted to the LT algorithm. LT consists of a

series of spectral-temporal segmentation algorithms to isolate changes
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in time series. Generally speaking, the trajectories in the original time
series were iteratively simplified by identifying the key vertexes of
change. Potential vertexes were identified and linked using flexible
fitting rules, and then different segments in the updated trajectory were
removed and remodeled to ultimately pick the best model (Kennedy
et al., 2010). We used the GEE’s version of LT as implemented by Ken-
nedy et al. (2018). Processing data with GEE significantly reduced
computational time consumption while ensuring the replicability of the
procedure elsewhere (Gorelick et al., 2017). The LT algorithm was
applied to get fitted-to-vertex time series for every pixel and TC
component (further referred to as LTTC). Furthermore, we also retrieved
LT’s change detection outputs (change magnitude, pre-change value and
change duration) for each TC input (LT outputs). Change magnitude
relates to the highest difference between two vertexes. Pre-change refers
to the initial or starting value in a trajectory. Change duration denotes
the slowest change in a given trajectory (usually gain in TCA, TCG, TCW
and decline in TCB). We obtained it sorting by the slowest gain and the
slowest loss for each TC. After that, in a subsequent process, we selected
the magnitude of change and merge loss and gain outputs filtering
overlaps by the slowest change.

3.3. Classification models

In order to identify areas experiencing SS, we applied the Support
Vector Machine (SVM) classification algorithm. Among the machine
learning algorithms, SVM has been reported to better discriminate into
binary categories (Rodrigues and de la Riva, 2014) being frequently
used to model agricultural abandonment (Alcantara et al., 2012;
Kuemmerle et al., 2008). SVM has been specifically designed to analyze
and recognize patterns. It is based on the constructing of a set of hy-
perplanes in a high-dimensional space searching for the maximum
separability between classes (Cortes and Vapnik, 1995; Vapnik, 1998;
Vapnik, 1995). SVM parameters must be optimized, selecting the com-
bination of hyperparameters that achieved the highest classification
accuracy (see Sections 3.3.1 and 3.3.2). We used a Radial Basis Function
(RBF) kernel, the most commonly applied strategy in land cover clas-
sification due to its good performance (Noi and Kappas, 2018). Cost and
gamma parameters were tuned exploring all values ranging from 1 to
700 and 0.001-1, respectively. Model optimization was conducted using
a 10-fold cross validation as implemented in the “caret” package (Kuhn,
2008). In addition, we used the “raster” package (Hijmans, 2019) to
generate spatial predictions and outputs.

3.3.1. Modeling the annual progression of SS

This approach aimed at monitoring the temporal evolution of SS year
by year, thus enabling to ascertain both when and where SS took place.
The method was developed in two stages. First, we calibrated ‘grassland’
vs ‘woodland’ classification models from TC axes on a single year
(2014); and then we predicted the spatial distribution of ‘grassland’ vs
‘woodland’ in the entire time series (1984-2019). To do so, we built a
response variable consisting on a binary ‘grassland’ vs ‘woodland’ cat-
egorical variable, created from SIOSE 2014 (see Section 3.1.1). To
ensure consistency with the land cover dataset used to construct the
response variable, models were trained using imagery in 2014. Models
were built using a training sample of 2878 locations, accounting for 75%
of the SIOSE 2014 sample, (1039 pastures and grasslands; 1839 areas
with tree and/or shrublands). A total of 56 models were calibrated,
resulting from the combination of 3 seasons (spring, summer and fall), 9
possible permutations of TC outputs, avoiding overlapping of TCA with
TCB and TCG, and exploring both TC Raw values and LTTCs trajectories.
The comparison between using raw values or fitted trajectories was a
particular goal of this classification approach.

The second stage of this approach addressed the performance
assessment, characterization and mapping of locations experiencing SS.
We aimed at determining when SS did occur based on the predicted
evolution of ‘grassland’ and ‘woodland’. We inspected the 54 annual
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time series of classified images, labeling as affected by SS those pixels
initially categorized as ‘grassland’ that were later predicted to be
‘woodland’. To account for potential uncertainty due to variability or
noise in the spectral signal, we examined the temporal consistency in the
classification. That is, for those pixels tagged as affected by SS we esti-
mated a persistence index (PI). The PI was calculated as the ratio be-
tween the times (years) ‘woodland’ was predicted and the number of
remaining images (Eq. (2)) after the first prediction of SS. From a
theoretical standpoint, PI values ranged from 0 to 1; a PI value of
0 indicated no chance of SS while 1 indicated certain occurrence of SS.
Values between 0 and 1 informed on the chance of SS, i.e., the consis-
tency with which ‘woodland’ was subsequently predicted after the first
detection. The PI may be understood as a fuzzy classification approach
in which each pixel was assigned a likelihood value; the higher the PI,
the more likely SS actually happened.

Jf
2Py,

P =2 @
P

Yss

where PI is the persistence index; ys, is the first year when SS is pre-
dicted; yris the last year of the time series; pys; is a pixel being predicted
as affected by SS.

Determining which pixels must be ultimately labeled as affected by
SS depended on the PI value. In order to obtain the most reliable SS
classification and inform about the sensitivity to the PI threshold (i.e.,
the value of PI above which we label a given pixel as SS) we conducted a
validation and model selection procedure based on the calculation of F1-
score (F1) (Chinchor, 1992) in the classification (including commission
and omission errors), Mathew Correlation Coefficient (MCC) (Matthews,
1975) and the Area Under the Receiver Operating Characteristic Curve
(AUC). Performance indexes were calculated from data described in
Section 3.1.2 (Orthophotography-derived dataset, not used for model
building), explored along the continuum of all possible thresholds in the
range 0-1. The optimal threshold was obtained using the best separa-
bility point from AUC (Specificity equal to Sensitivity).

Given the temporal nature of the procedure, PI values were influ-
enced by the time of detection, involving different sample sizes
depending on the year were SS was first predicted. For example, the PI of
a pixel where SS started in 2000 would be calculated upon 15 records of
yearly classification data whereas in a pixel detected in 2017, PI would
be calculated with just the 2 remaining years of information. To evi-
dence this potential issue we reported the year when SS was predicted,
labelled as ‘year of change’. This procedure resulted in two raster layers,
one layer gathering the spatial distribution of the PI and a second layer
including the year of SS occurrence.

3.3.2. Modeling the ‘period-based’ progression of SS

The ‘period-based’ classification approach leveraged LT outputs (see
Section 3.2.2) to identify locations affected by SS at any stage during the
period 1984-2019. Contrary to the former classification system, this
procedure focused on obtaining a ‘static’ classification of SS, rather than
its temporal evolution. Again, a SVM model was trained and tested. The
response variable was created from the aerial orthophotography dataset
(see Section 3.1.2). We used 80% of the data (198 non-affected locations
and 175 areas affected by SS) to train the SVM model and the remaining
20% of the locations to test the model (52 non-affected by SS and 42
experiencing SS). Instead of temporal series of TC components, we
calibrated the model from LT outputs calculated in TCB, TCG, TCW and
TCA. Again, we explored several combinations of predictors, reporting
their performance according to percent accuracy and Cohen’s Kappa.



P.J. Gelabert et al.

4. Results
4.1. Spatial distribution of SS

TC Raw and LTTC models performed well in monitoring SS. Out of
the 54 possible combinations of variables, several models achieved a
satisfactory classification accuracy (Table 2, supplementary material).
The most successful combination was obtained with LTTC fitted com-
ponents in spring, requiring only TCW and TCB as predictors (tied if only
TCB used). Overall, models calibrated from LTTC chronosequences
outperformed their TC Raw counterparts, though by a slim margin. Note
that the best combination of variables in TC Raw coincides with that of
LTTC but in summertime. Likewise, spring and summer models tended
to work best, with fall models attaining 3% less accuracy on average.

The monitoring of areas affected by SS using the temporal approach
was conducted using an optimal PI of 0, as suggested by the sensitivity
analysis (Fig. 2B). The LTTC and TC raw models were rather insensitive
to changes in the PI, though its performance slightly dropped as the PI
increased in TC raw. The classification accuracy of the best TC raw
model was lower than its LTTC counterpart at any PI threshold.
Noticeably, the omission error escalated drastically as the PI threshold
increased in the TC raw model (Fig. 2A).

The comparison of the models’ performance in identifying SS evi-
denced the LTTC approach as the best strategy (Table 2). LTTC attained
a predictive F1-score of 0.85, a MCC of 0.67 and an AUC of 0.83, esti-
mating an affected extension of 479,703 ha, representing an encroach-
ment of 66% of former grasslands (herbaceous crops and grasslands) by
woody species. Commission and omission errors stood at 0.06 and 0.29,
respectively. The classification accuracy of LTTC was notably higher
than TC Raw’s (F1 = 0.79, MCC = 0.54 and AUC = 0.75) predicting an
affected area of 508,840 ha (~70% of analyzed area). Likewise, LTTC
outperformed the LT output approach (F1 = 0.71 and MCC = 0.61), with
an encroached area of 533,043 ha representing 74% of the grasslands in
the study area. None of the 14 models from LT outputs combinations
(see Table 3 - supplementary materials) achieved a higher accuracy than
the best LTTC. Nonetheless, as in LTTC models, the strongest spectral
predictors were the TCB and TCW components. Table 2 summarizes the
performances of the three modeling approaches on the validation
dataset (ground truth obtained by orthophotography).

From a spatial standpoint, the LTTC approach seemed to capture best
the spatial and temporal coverage of the SS phenomena (Figs. 3-5). As
observed in Fig. 3B, SS took place earlier in the southwestern end,
advancing progressively from valleys to the top of the mountain range.
Even though it gave no information on SS temporal progression, the
pattern obtained with LT outputs resembled that from LTTC (Fig. 3A).
TC Raw models seemed to overestimate the spatial extent of SS while not
revealing clear temporal patterns.

4.2. Temporal evolution of SS

The analysis of the temporal distribution of SS, extracted from the
LTTC cartographical output (Fig. 3B), along the period 1984-2019
revealed a non-stationary profile in the temporal dynamics:
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encroachment rates were not steady. The major progression was
observed during the 80’s decade, decreasing sharply until 1990, and
remaining stationary afterward. During the 80’s the average annual
surface experiencing SS was of approximately 39,000 ha/yr, declining
from over 60,000 ha between 1984 and 1985 to less than 10,000 ha in
1990. Since 1990 the average affected area stayed at 7200 ha/yr,
descending to 6000 ha/yr over the 20th century (Fig. 6).

5. Discussion

We successfully evaluated a wide array of RS inputs and analysis
techniques to identify the best methodology to monitor and assess the
occurrence and extent of SS after rural abandonment in mountainous
areas, an environmental process with high potential impacts on
ecosystem services like biodiversity, fire hazard or carbon balances. The
proposed procedure was exemplified in the Spanish Pyrenees, assessing
the occurrence of SS over a period of 36 years using the complete series
of available Landsat imagery.

LT-based models (LTTC and LT outputs) attained an outstanding
performance (Figs. 3 and 5) compared to those calibrated from raw
spectral information (TC Raw), either in terms of overall accuracy or
commission and omission errors (Table 2). Using LT fitted spectral in-
formation significantly reduced noise from differences in illumination
conditions, phenological changes, atmospheric conditions, or geometric
registration (Kennedy et al., 2010). Despite the fact that both LTTC and
LT outputs models showed very good accuracy in detecting spatial
patterns of SS (Figs. 3 and 5), the highest accuracy was obtained using
LTTC (Table 2). LT-based methods predicted 464,626 (64% of former
grasslands) and 533.043 ha (77%) experiencing SS in the period 1984-
2019, using LTTC and LC Outputs, respectively. TC Raw models
seemed to overestimate the surface affected by SS (commission error =
0.34). According to prior local experiences, 70-80% of the lands were
abandoned in Central Pyrenees (both Spanish and French sides). In the
Eastern Pyrenees, 36% of the cultivated land were abandoned between
1993 and 2005 (Badia et al., 2014). The reported rates of land aban-
donment in the Eastern Pyrenees were quite dissimilar, ranging between
96% in Alta Garrotxa (Vila Subirods et al., 2009) and 25% in Cal Rodd
(Poyatos et al., 2003).

The most accurate strategy involved LTTC fitted images using the
TCB and TCW components. Both TCB and TCW are known to be suitable
indicators to discriminate wooded from non-wooded land covers
(Frazier et al., 2015). Dense forest communities and, to a lesser extent
shrublands, are broadly characterized by higher TCW (increased ability
to retain moisture due to shadowing on the understory) and lower TCB
values (reduced albedo by lambertian shading due to the rougher
texture of the surface) when compared to open stands (Healey et al.,
2005). The performance of models including TCG was usually poor, but
TCG is considered a weak driver of structural differences (grass, shrub or
tree) between forest communities (Frazier et al., 2015; Pickell et al.,
2016). Above a threshold of certain biomass density or leaf area,
greenness-related indexes do not capture significant differences between
vegetation communities (Pickell et al., 2016; Tanase et al., 2011).
Models incorporating the combination of TCG and TCB via TCA did not

Table 2
Confusion matrix and performance assessment of the proposed modeling approaches.
LTTC TC Raw LT Outputs
Non-SS SS Total Non-SS SS Total Non-SS SS Total
Non-SS 230 15 245 200 46 246 41 8 49
SS 64 153 217 60 157 217 10 33 43
Total 294 168 260 203 51 41
F1 =0.85 C =0.06 F1 =0.79 C=0.28 F1=0.81 C=0.16
MCC = 0.67 0=0.29 MCC = 0.54 0=0.19 MCC = 0.61 0=0.23

SS area: 479,703 ha

SS area: 508,840 ha

SS area: 533,043 ha

F1; MCC;; C: commission error; O: omission error; SS area: predicted surface of SS.
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offer better results either. The TCA is an indirect measure of the pro- vegetation cover, it holds low discriminant power to discern grassland
portion of vegetation in the pixel; the higher the TCA, the higher from other vegetation covers.
vegetation cover (Gomez et al, 2012). Since it largely refers to When modeling the annual progression of SS, the temporal pattern



P.J. Gelabert et al.

60000

40000

Secondary sucession (ha)

0

20000 ‘|||I

Remote Sensing of Environment 262 (2021) 112521

[ = R = R = R R o = = Y ==
NN N NN NN NN

2003 1
2004 1
2005 1
0
2007 1
2008 1
2009 1

Fig. 6. Temporal evolution of SS. Colors represents the different decades.

obtained with LTTC was clearly different from TC Raw’s. Setting aside
the reported over commission of TC Raw models, their prediction of the
year when SS started, i.e., the first detection of the transition from
‘grasslands’ to ‘woody communities’, was noticeably biased towards the
beginning of the analysis period. Validation results confirmed the un-
reliable nature of the TC Raw’s temporal distribution, in favor of the
LTTC approach (AUCs of 0.83 and 0.75. respectively). Nonetheless, the
temporal pattern obtained from LTTC also indicated higher SS rates
during the first years, decreasing until the early 90s. The observed
evolution afterwards points towards the stabilization of the progression
of SS.

The temporal pattern described agrees with the literature in the
topic. According to Lasanta and Vicente-Serrano (2007), the biggest
changes associated to SS in the Pyrenees occurred between the 60s and
80s. Since 1990 there was a decreasing trend in forest expansion over
grasslands and abandoned croplands (Vicente Serrano et al., 2003).
Since the 19th to the mid-20th century, steep-sloped lands in mountain
areas were cultivated (Garcia-Ruiz et al., 2015). During the 1960 decade
the Spanish Government funded many hydraulic infrastructures to
promote agriculture in arid regions (Alonso-Sarria et al., 2016), leading
to the decline in competitiveness of agricultural lands in mountain re-
gions, the abandonment of croplands (van Leeuwen et al., 2019), and the
decrease in population (moving mostly to cities in a pervasive rural
exodus). During the rural exodus, due to reduced productivity, unsuit-
ability for mechanization and poor accessibility, north-facing sites were
abandoned first (Améztegui et al., 2010). After those, lands under steep
slopes were progressively abandoned (Garcia-Ruiz et al., 2015; Lasanta
and Vicente-Serrano, 2007; Vicente Serrano et al., 2003). Nowadays
agriculture in the Pyrenees remains mostly in the bottom of the moun-
tain valleys (Lasanta et al., 2013). The promotion of recreational and
touristic activities coupled to the low economic competitiveness of
agriculture further favored land abandonment (van Leeuwen et al.,
2019). This is also evidenced by the observed reduction in the number of
goat and sheep cattle (INE, 2009; INE, 1999) and the increase in horse
livestock, often used in recreational activities (Hjalager, 1996). In fact,
these trends pose an additional challenge since goats are not forage se-
lectors and therefore the greater presence of cows and horses selective
grazing mainly consume the best forage (Sebastia et al., 2008). Despite
the strong agreement with findings in the literature, a certain bias to-
wards the first years might exist in our timing of SS. The PI helps in
controlling potential temporal inconsistences, stabilizing the response of
shrub encroachment over the whole time series, especially in middle-
late temporal stages. However, several factors such as smoothing side-

effects LT predictors or the fact that we set the moment of change to
the first year when SS was predicted, favors detection of SS at earlier
stages.

The process of land abandonment followed by SS occurred with
different intensities across the study region. Forest expansion produced
by land abandonment had strong ecological consequences, both again
positive and negative. In any case, the 64% reduction in managed
grasslands and crops in the Spanish Pyrenees over the last 36 years
implied a drastic decline in biodiversity and other ecosystem services
linked to these valuable and fragile cultural landscapes.

6. Conclusions

The computational power and image collection of the Google Earth
Engine platform joined to the implementation of the time-series
harmonization algorithm LT allowed to estimate encroachment loca-
tions and timing in the Spanish Pyrenees for the last 36 years. Our results
demonstrate the feasibility of the Landsat Tasseled Cap transformation
time series, harmonized with LT (LTTC), to monitor annual SS in
abandoned mountainous environments, using TCB and TCW in a SVM
classification model. In general, non-harmonized time series offer worse
performances and overestimate woodland expansion. Models using the
LT outputs are also promising, but they do not offer temporal informa-
tion on changes within the period of analysis.
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