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Abstract

Forest biodiversity conservation and species distribution modeling greatly

benefit from broad-scale forest maps depicting tree species or forest types

rather than just presence and absence of forest, or coarse classifications. Ide-

ally, such maps would stem from satellite image classification based on abun-

dant field data for both model training and accuracy assessments, but such

field data do not exist in many parts of the globe. However, different forest

types and tree species differ in their vegetation phenology, offering an opportu-

nity to map and characterize forests based on the seasonal dynamic of vegeta-

tion indices and auxiliary data. Our goal was to map and characterize forests

based on both land surface phenology and climate patterns, defined here as

forest phenoclusters. We applied our methodology in Argentina (2.8 million

km2), which has a wide variety of forests, from rainforests to cold-temperate

forests. We calculated phenology measures after fitting a harmonic curve of

the enhanced vegetation index (EVI) time series derived from 30-m Sentinel

2 and Landsat 8 data from 2018–2019. For climate, we calculated land surface

temperature (LST) from Band 10 of the thermal infrared sensor (TIRS) of

Landsat 8, and precipitation from Worldclim (BIO12). We performed stratified

X-means cluster classifications followed by hierarchical clustering. The

resulting clusters separated well into 54 forest phenoclusters with unique combi-

nations of vegetation phenology and climate characteristics. The EVI 90th per-

centile was more important than our climate and other phenology measures in

providing separability among different forest phenoclusters. Our results high-

light the potential of combining remotely sensed phenology measures and cli-

mate data to improve broad-scale forest mapping for different management and

conservation goals, capturing functional rather than structural or compositional

characteristics between and within tree species. Our approach results in classifi-

cations that go beyond simple forest–nonforest in areas where the lack of

detailed ecological field data precludes tree species–level classifications, yet
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conservation needs are high. Our map of forest phenoclusters is a valuable tool

for the assessment of natural resources, and the management of the environ-

ment at scales relevant for conservation actions.
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INTRODUCTION

Biodiversity conservation requires protecting the habitat that
species need (Ceballos et al., 2015). Forests provide many
ecosystem services, such as climate regulation, biomass
production, and water supply (Brockerhoff et al., 2017;
Decocq et al., 2016; Mori et al., 2017), and provide
habitat for many specialized species of plants and animals
(Pawson et al., 2013), including breeding habitat for forest
birds (Lindbladh et al., 2017), and shelter for forest mam-
mals (Simonetti et al., 2013). However, which species can
find habitat in a given forest depends on the tree species
composition, among other forest characteristics, which is
why maps of forest tree species and forest types are impor-
tant for habitat mapping (Jansson & Angelstam, 1999),
biodiversity assessment (Shang & Chisholm, 2014), and
for management of natural forest resources generally
(Dalponte et al., 2012; Heinzel & Koch, 2012; Zhu &
Liu, 2014). However, mapping forest types at tree species
level and for large areas from ground-based data is rarely
logistically feasible (Zhu & Liu, 2014).

Classifying forests at tree species level from remotely
sensed data over large areas is challenging (Fassnacht et al.,
2016). It is more typical that forest maps of large areas are
limited to broad forest classes, such as coniferous, decidu-
ous, or mixed forests (Erinjery et al., 2018; Pasquarella
et al., 2018; Vogelmann et al., 2001), the percentage of tree
cover (Hansen et al., 2013), or just the presence and
absence of forests (Blackard et al., 2008; Martone et al.,
2018; Shimada et al., 2014). High-resolution images
(Fang et al., 2020), hyperspectral data, LiDAR
(Zhang et al., 2020), and radar data (Erinjery et al., 2018)
can provide information about vegetation structural
and compositional complexity, such as canopy height
(Potapov et al., 2021), tree density, and biomass (Bouvet et al.,
2018; Fassnacht et al., 2017). Where access to such data sets is
limited, widely available medium-resolution satellite data
(e.g., Landsat) can be used to map forest types at tree
species level. Since the opening of the Landsat archive
in 2008 (Woodcock et al., 2008), opportunities to
improve forest type mapping and classification have
increased, making it possible to explore spectral, tempo-
ral, spatial, and seasonal (e.g., phenology) properties

across different forest types (Pasquarella et al., 2016;
Zhu & Liu, 2014) if there are sufficient field data avail-
able to train the classifier. In general, forest classifica-
tions perform best when they represent differences in
vegetation phenology among tree species and forest
types (Melaas et al., 2013, 2016; Pasquarella et al., 2018;
Stoffels et al., 2012).

Land surface phenology characterizes seasonal pat-
terns in the vegetation detected by satellite sensors
(de Beurs & Henebry, 2005). Vegetation phenology is a
useful trait for species discrimination because phenology
varies among species (Fassnacht et al., 2016). When satel-
lite images from specific phenological periods across a
growing season (e.g., green-up and senescence) are ana-
lyzed, the accuracy of the resulting tree species classifica-
tion benefits (Hill et al., 2010; Pasquarella et al., 2018;
Wolter et al., 1995). The seasonal dynamics of vegetation
indices (e.g., enhanced vegetation index [EVI] and nor-
malized vegetation index [NDVI]) are well correlated
with the seasonal dynamics in photosynthetically
active leaf area (Huete et al., 2002; Melaas et al., 2016;
Mynemi et al., 1995) and are a good proxy for vegetation
phenological stages (de Beurs & Henebry, 2005). Includ-
ing the timing of seasonal transitions in analyses
(e.g., peak of the growing season) maximizes differences
among forest types (Pasquarella et al., 2018), allows char-
acterization of the functional heterogeneity of ecosystems
(Paruelo et al., 2001), and thereby enables mapping of
complex vegetation gradients (Pastor-Guzman et al., 2018;
Schwieder et al., 2016).

In addition to being helpful for classifying individual
forest types and tree species, phenology is linked to
landscape resources because vegetation phenology deter-
mines food availability for a wide range of forest species
(Coops et al., 2012; Nielsen et al., 2010). Phenologically
diverse landscapes enhance foraging opportunities for
mobile species (Armstrong et al., 2016), ranging from
insects such as grasshoppers (Searle et al., 2010) to large
mammals such as grizzly bears (Coogan et al., 2012;
Schindler et al., 2013). For example, landscapes where
vegetation phenology diversity is high provide an
extended period of access to high-quality forage for
migratory red deer (Pettorelli et al., 2005), and ungulates
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are driven by selection for high forage quality to follow
phenological gradients during the growing season
(Brown et al., 2019). Diversity in vegetation phenology is
thus valuable whether it is due to differences in phenol-
ogy among plant species, or in different parts of the dis-
tribution of a single species.

However, the challenges of using phenology events to
classify forests from satellite imagery include the mixing of
signal and background (Morisette et al., 2009; White &
Nemani, 2006); noisy time series; different spatial scales
in the remote sensing image and ground observations
(Zeng et al., 2020); and spectral reflectance that is altered by
diseases, plant stress, or by grazing and agricultural prac-
tices (Hall-Beyer, 2003; Vina et al., 2004; Wardlow et al.,
2006). Further, accurate on-the-ground vegetation pheno-
logical information is difficult to obtain in complex environ-
ments with limited field measurements (Pastor-Guzman
et al., 2018). Finally, when variations in phenological events
occur within the same tree species (Cole & Sheldon, 2017;
Fajardo & Siefert, 2016; McKown et al., 2013), it presents a
challenge to species-level classifications. Individual trees
may have markedly consistent individual differences in
their spring phenology (e.g., budburst of individual oak
trees can vary by more than 3 weeks (McKown et al., 2013).
These differences within a given tree species have been
attributed to influences in latitude, elevation, temperature
(Kramer, 1995; Mickaël et al., 2007), soil composition
(Wielgolaski, 2001), and tree age, as well as genetics. Thus,
although there are advantages to including phenology in
tree species and forest type classification, there are a num-
ber of inherent challenges associated with species-specific
vegetation phenology detection using satellite imagery.

In addition to land surface phenology event timing
(e.g., date of the peak of the growing season), other vari-
ables such as greenness derived from vegetation phenology
annual curves (e.g., the EVI 10th percentile and EVI 90th
percentile) and climate (e.g., temperature and precipitation)
can be used to classify forest types (Paruelo et al., 2001).
Vegetation greenness is positively correlated with produc-
tivity (Sims et al., 2006), is a proxy of resource availability
(Currie, 1991), and successfully characterizes ecosystem
functional types in South America (Paruelo et al., 2001),
and vegetation gradients in Brazilian savannas (Ferreira et al.,
2003; Schwieder et al., 2016). Temperature and precipita-
tion affect which forest types grow where (Paruelo &
Lauenroth, 1998; Paruelo et al., 2001; Veech & Crist, 2007;
Woodward, 1994), but also, there can be gradients in tem-
perature and precipitation among forests with the same
species composition (Rosas, Peri, Lencinas, et al., 2019).
Precipitation plays a key role in affecting the geographical
distribution of species. In general, within continents, areas
occupied by forest are where precipitation is highest, but
the occurrence of most forests is as much dependent on

the seasonal distribution of the precipitation as the
amount, because it must be available in the soil during
times of the year when roots of the plants can absorb it
and when transpiration rates are high (Royal et al., 2012).
However, for some species that occur along rivers where
water is not a limiting factor, temperature is the most
important factor in determining species distribution
(Myklestad & Birks, 1993; Zhao, Cao, et al., 2018; Zhao,
Sun, et al., 2018). Thus, the combination of land surface
phenology (both vegetation phenological events and
greenness measures) and climate variables make it possi-
ble to characterize functional rather than structural or
compositional characteristics of ecosystems while consid-
ering the geographical distribution of species.

Current forest maps of large areas (Hansen et al., 2013;
Potapov et al., 2021; Townshend & Justice, 2002) provide
valuable information regarding forest types and are useful
in conservation efforts (Hmielowski et al., 2015; Wilson et al.,
2006). However, tree species–level maps are rare, and for-
est type maps do not consider vegetation phenology varia-
tions (event timing and greenness) within forest types and
species or climate variation (hereafter named forest phen-
oclusters). The advantage of using phenoclusters to char-
acterize forests lies in their ability to capture phenology
and climate gradients among and within forest types
and/or tree species in places where the lack of field data
precludes detailed classifications. The cyclic and seasonal
greenness information provided by the phenoclusters is
useful for management efforts for biodiversity, particularly
to inform strategic location planning. A map of forest
phenoclusters can be particularly useful for places where
forest ecological information is limited, and conservation
needs are high, such as in many developing countries in
tropical and subtropical areas.

Various approaches have been developed to map the
distribution of biological and ecological phenomena
(Mackey et al., 2008), such as clustering procedures to
delineate phenological ecoregions (Hargrove et al., 2009),
habitat suitability maps for wildlife (Hoagland et al.,
2018), and forest classes based on phenological conditions
from coarse-resolution remote sensing vegetation indices
times series (Bajocco et al., 2019; Dannenberg et al., 2020;
White et al., 2005). However, these approaches were devel-
oped based on coarse-resolution remote sensing data
(e.g., 250 m) and they cannot depict detailed information
of phenoclusters at a fine spatial scale. Furthermore, it is
unclear if combining satellite and climate data is advanta-
geous when deriving phenoclusters, and how to best
derive phenoclusters from medium-resolution satellite
data, such as Landsat and Sentinel-2 imagery.

Our goal was to map and characterize forests based
on both land surface phenology and climate characteris-
tics. Our specific objectives were (1) to cluster forests
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based on a combination of remotely sensed phenology,
temperature, and precipitation (defined as forest phen-
oclusters); (2) to characterize and label each forest
phenocluster according to its vegetation phenology, cli-
mate, and main characteristics of the forests based on
experts’ knowledge and field inventory plots; and (3) to
assess where the diversity of forest phenoclusters is
highest.

METHODS

Study area

Our study area is Argentina (~2.8 million km2), which
spans latitudes from 20� S to 60� S and longitudes
between 50� W and 80� W (Figure 1). Argentina has a
great variety of natural forest types, ranging from
rainforest to cold temperate forest, within 24 adminis-
trative provinces. Mean annual precipitation ranges
from 19 to 2580 mm year�1 and mean annual tempera-
ture ranges from �10 to 24�C (Fick & Hijmans, 2017).
Forests in Argentina are divided into distinct regions
(Peri et al., 2020). In our analysis, we did an adaptation
and then considered eight regions: (1) Patagonian for-
ests of Tierra del Fuego, (2) Continental Patagonian
forests, (3) Parana flooded savanna, (4) Espinal,
(5) High Monte, (6) Misiones Atlantic forests, (7) South-
ern Andean Yungas, and (8) Humid and Dry Chaco
(Figure 1). We focused our analysis on these eight for-
est regions, and on the areas covered by canopy closure
for all forest vegetation taller than 5 m in height, as
was defined by Global Forest Change (GFC) data set
(Hansen et al., 2013).

Remotely sensed measures and
climate data

Land surface phenology measures

We calculated land surface phenology measures from
EVI based on Sentinel 2 and Landsat 8 combined
annual time series. We chose EVI from medium-
resolution imageries because it provides a larger
dynamic range than other vegetation indices for vege-
tation with high leaf area (Huete et al., 2002). We
quantified four land surface phenology measures, fol-
lowing these four steps:

1. Image acquisition. We acquired Sentinel 2 and
Landsat 8 surface reflectance data, available in Google
Earth Engine (Gorelick et al., 2017) from 1 September

2018 to 31 October 2019. The Sentinel processing
includes an atmospheric correction applied to Top-
of-Atmosphere Level-1C orthoimage products com-
puted by running sen2cor (Müller-Wilm, 2016). We
used the Sentinel 2 scene classification band to
mask the pixels that were labeled as cloud, shadow,
and snow. We used the atmospherically corrected
surface reflectance from the Landsat 8 OLI/TIRS
(Landsat 8 Surface Reflectance Tier 1), which is
atmospherically corrected using LaSRC (Vermote et al.,
2016) and included a cloud, shadow, water, and
snow mask produced using CFMASK (Zhu &
Woodcock, 2012).

2. Combining EVI Sentinel 2 and EVI Landsat 8. On
average, Landsat 8 provided 31 valid images across
Argentina, whereas Sentinel 2 provided 50. Thus,
we combined Sentinel 2 and Landsat 8 EVI to
obtain a higher frequency of images for 2018–2019
(on average, 81 valid images) than is possible using
data from either sensor alone (Li & Roy, 2017;
Appendix S1: Figure S1). To do so, we selected the
images from both sensors that were acquired within
30 min of each other, overlapped spatially, and had
<1% cloud cover. For these, we resampled Sentinel
2 imagery to 30 m based on the aerial weighting of
overlapping pixels and their EVI values. We then
parameterized a linear regression to find the coeffi-
cients to match all images (Zhang et al., 2018) based
on 0.1% of the study area. We applied ordinary-
least-squares (OLS) regression and inserted the
coefficients into the EVI formula to generate the
“new” EVI for Sentinel 2 (Appendix S1: Figure S2).
That allowed us to merge the EVI values from Senti-
nel 2A with those from Landsat 8 for fitting an
annual phenology curve from September 2018 to
October 2019.

3. Harmonic model. To fit the annual curve we adopted
the GEE harmonic regression model. Harmonic
regression decomposes a signal into sine and cosine
waves, each characterized by a specific phase and
amplitude (Zeng et al., 2020). Harmonic analyses
result in an accurate representation of single-year phe-
nology for different land cover types (Bradley et al.,
2007; Zhou et al., 2016).

4. Land surface phenology measures. From the har-
monic regression model, we extracted (a) the EVI
amplitude to capture seasonal (intra-annual) variabil-
ity (EVI maximum minus EVI minimum), and (b) the
date of the peak of the growing season (POS), the day
of the year when EVI reaches the maximum, (c) the
EVI 90th percentile as a proxy of maximum productiv-
ity, and (d) the EVI 10th percentile as a proxy of mini-
mum productivity. We also tested components of the
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dynamic habitat index (DHI), and latitude and longi-
tude as potential input for the clustering. However,
we found that they were highly correlated with other

variables (Pearson’s correlation coefficient r < 0.8 and
<�0.8; Appendix S1: Table S1), and therefore did not
include them, to avoid redundancy.

F I GURE 1 Location of Argentina within South America and regions selected for our study. On the right, Landsat 8 false color Red-5,

Green-4, and Blue-3 composite showing examples of the landscapes in the study area

ECOLOGICAL APPLICATIONS 5 of 21



Climate data

As a proxy of temperature, we assessed land surface
temperature (LST) from Band 10 of the thermal infrared
sensor (TIRS) of Landsat 8, which the U.S. Geological Sur-
vey provides statistically downscaled at 30-m resolu-
tion. LST from satellite data indicates hotness or
coldness of the earth surface and is highly correlated
with air temperature (Schwarz et al., 2012). This source
of temperature data has an advantage over interpolated
temperature data from meteorological stations in provid-
ing direct measurements at fine resolution for large areas.
We masked pixels covered by clouds and shadows based
on the Quality Assurance flags, and masked pixels covered
by water based on a global water map (Hansen et al.,
2013). We extracted LST median values from 2018 to 2019.
For precipitation we downloaded BIO12 (mean annual
precipitation) from Wordclim (Fick & Hijmans, 2017) and
rescaled it to 30-m spatial resolution using the nearest-
neighbor sampling.

Forest phenoclusters classification

To generate forest phenoclusters, we clustered forests
based on our combined data set of four remotely sensed
measures of phenology (EVI amplitude, POS, EVI 90th
percentile and EVI 10th percentile) plus the two climate
measures (LST and BIO12). We chose an unsupervised
classification because it does not require a training data
set, is easily repeatable (Lang et al., 2008; Shao et al.,
2014; Tutmez et al., 2018), and allows for the identifica-
tion of ecoregions in large, and ecologically complex
areas (Coops et al., 2018). We performed a stratified clus-
ter procedure to capture local variation across Argentina
and ensure the resulting classes are representative of the
country (Gallego & Stibig, 2013; Gimaret-Carpentier et al.,
1998). Thus, the cluster classifications were conducted for
each region separately because it is easier to interpret the
results in small and homogeneous forests than across the
whole country.

For each region, we implemented a two-stage clus-
tering approach, where we combined the X-means
unsupervised clustering algorithm (Pelleg &
Moore, 2000; Step 1) with hierarchical clustering analy-
sis (Step 2) as proposed by Tamura et al. (2014). This
method has previously been successfully applied for
ecological regionalization at broad extents (Coops
et al., 2009; Guo et al., 2017). The two-stage process has
the benefit of hierarchical clustering, such as the
nested structure and the flexibility to determine the
final number of clusters using validity metrics (Coops
et al., 2018). X-means is an adaptation of the K-means

clustering algorithm, with an efficient estimation of
the number of clusters. The K-means algorithm parti-
tions the data into K (number) clusters, where each cell
belongs to exactly one cluster, and calculates average
square distance of all pixels to their cluster centroid in
feature space, but has the disadvantage that the num-
ber of clusters must be set by the user. X-means effi-
ciently searches for the best K, and the best model is
selected by the Bayesian information criteria (BIC;
Pelleg & Moore, 2000). We set the minimum and maxi-
mum clusters to 20 and 100, and the maximum number
of overall iterations, maximum number of iterations to
perform in K-means, and the maximum number of iter-
ations that is performed on the child centers to 3, 1000,
and 1000, respectively (e.g., default values). We used
Euclidian distance and randomization seed of 10.

We performed the hierarchical clustering analysis
based on the complete linkage algorithm and Euclidian
distances. From the resulting dendrograms, we
obtained a set of forest phenoclusters for each region
based on a visual assessment of classes and on silhou-
ette scores (Zhao, Cao, et al., 2018; Zhao, Sun,
et al., 2018). A silhouette score of 1 means that the
clusters are clearly separated, a score of 0 means that
clusters are overlapping, and a score of <0 suggests
that data may be incorrect. In addition, to determine
which variables provided the greatest separability
among the clusters, we calculated the Gini index to
measure impurity (Raileanu & Stoffel, 2004). We nor-
malized Gini index values to a range of 0%–100% for
comparisons. Finally, we combined the region-level
maps to generate a national map of forest phen-
oclusters for all of Argentina forest regions.

Characterizing the forest phenoclusters

To characterize the forest phenoclusters, we described
and labeled each class based on the variables used as
input data (remotely sensed and climate), and the main
characteristics of the forests. To do this, we computed the
mean values of each input variable within each forest
phenocluster, and classified them as low, medium, or
high values. We defined the intervals (Appendix S1:
Table S2) based on the standard deviation classification
method. Class breaks were created using equal value pro-
portions of the standard deviation.

We labeled the forest phenoclusters for ease of inter-
pretation. We evaluated the main characteristics of the
forests, based on our strong regional expert knowledge
with strong regional forest expertise; for example, pri-
mary forest types, tree species composition, and distur-
bance regimes were based on a combination of our field
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knowledge, high-resolution imagery, and published
material (Appendix S1: Table S3). For each forest region,
one or two of us with local forest expertise, gained con-
ducting field inventories and/or forest research, provided
a brief description according to our knowledge on the
region (Appendix S1: Table S3, description column). We
did not intend to describe forest types and tree species
within phenoclusters precisely, but to provide general
guidance for interpretation of the results.

Further, we obtained forest structural information
and tree species identification from 3788 field plots
that were part of a recent forest inventory (2015–2020)
collected by the government of Argentina (Direcci�on
Nacional de Bosques, 2021). Based on these data, we
characterized each forest phenocluster according to its
tree species composition, tree species richness, basal
area, and height. Detailed information on the forest
inventory is at SGAyDS (2019). This information pro-
vides ecological details about what forest phenoclusters
represent.

Diversity of forest phenoclusters

To assess where the diversity of forest phenoclusters is
highest, we applied a 33 � 33 pixel moving window
(~1 km2) and assigned the number of different phen-
oclusters in each window to its central pixel. We chose
this moving window size because it accommodates an
area large enough to encompass animals’ territories while
capturing relatively fine-resolution landscape features
(Jones, 2011).

RESULTS

X-mean algorithm and hierarchical
clustering analysis

Based on the X-mean algorithm (first step) we identified
199 initial phenoclusters across the forests of Argentina.
The number of initial phenoclusters for each region
ranged from 5 (in High Monte region) to 38 (in the
Humid and Dry Chaco). During the hierarchical cluster-
ing analyses (second step), this number was reduced to
54 forest phenoclusters, varying from 3 (Parana flooded
savanna) to 17 (Humid and Dry Chaco). The average sil-
houette (AS) score ranged from 0.38 (High Monte) to 0.62
(Humid and Dry Chaco). In addition, we did not find AS
values <0, which provides support for correct phen-
oclusters (Table 1).

On average, climate data presented higher Gini index
values (from 16.52% to 25.43%) than land surface phenol-
ogy measures (12.28% to 16.74%), but land surface phe-
nology measures were more important than climate in
all regions, except the Parana flooded savanna, for sepa-
rating phenoclusters. In fact, among our variables, EVI
10th percentile and mean annual precipitation (BIO12)
provided the best separability among different forest
phenoclusters (Figure 2).

Forest phenoclusters across Argentina

Based on GFC data set (Hansen et al., 2013), forests in
Argentina occupy 392,484 km2, and forests within Humid

TAB L E 1 Initial number of forest phenoclusters after X-mean algorithm, and final number of forest phenoclusters after hierarchical

clustering analysis

Forest region

Forest phenoclusters

AS

Area

Step 1 Step2 km2 Percentage

TDF 27 6 0.58 7326 1.9

PAT 27 7 0.39 22,869 5.8

PFS 25 3 0.4 5619 1.4

ESP 21 5 0.52 32,036 8.2

HM 5 4 0.38 2489 0.6

MAF 28 6 0.49 18,286 4.7

SAY 28 6 0.57 39,215 10.0

HDC 38 17 0.62 265,216 67.5

Total 199 54 – 393,057 100

Note: Area in kilometers squared and in percentage of total forested areas.
Abbreviations: AS, average silhouette value; ESP, Espinal; HDC, Humid and Dry Chaco; HM, High Monte; MAF, Misiones Atlantic forest; PAT, Continental
Patagonian forests; PFS, Parana flooded savanna; SAY, Southern Andean Yungas; TDF, Patagonian forests of Tierra del Fuego.
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and Dry Chaco region account for 67.50% of total forest
area (Table 1). Forest Phenoclusters 44, 48, and 51 domi-
nated, occupying 39,272, 38,105, and 28,908 km2, respec-
tively. The 54 phenoclusters differ in their phenology,
temperature, and precipitation characteristics (Figure 3;
Appendix S1: Table S3), as well as in their forest struc-
tural characteristics, tree species richness, and composi-
tion (Appendix S1: Figure S3; Appendix S1: Table S4).

The land surface phenology measures and climate
data presented contrasting patterns across Argentina
(Figure 4). The EVI 90th percentile ranged from 0.23 to
0.70, and it was highest in Misiones Atlantic forests and
Yungas regions. The EVI 10th percentile ranged from
0.08 to 0.44 and it was highest in Misiones Atlantic for-
ests and northeastern Humid and Dry Chaco regions.
Higher EVI amplitude occurred mostly in Patagonian for-
ests of Tierra del Fuego, Continental Patagonian and
Yungas forests. Peak of the growing season varied from
October to April, but was predominantly in December,
January, and February. Precipitation ranged from 206 to
1846 mm year�1 and it was higher in Misiones Atlantic
forests, whereas LST ranged from 6.9 to 26�C and it was
higher in middle areas of the Humid and Dry Chaco
region.

Forests with highest greenness at both thresholds
(EVI 90th percentile >0.58 and EVI 10th percentile
>0.33; Appendix S1: Tables S2 and S3) occurred in
Misiones Atlantic, the most subtropical region, and were
composed of both native and planted forests. In addition
to Misiones Atlantic forests, forests in Southern Andean
Yungas and Espinal regions also presented high green-
ness values where forest phenoclusters are characterized
by semideciduous montane and piedmont forests
(Phenocluster 34 in Southern Andean Yungas) and Pinus
and Eucalyptus plantations (Phenocluster 19 in Espinal
region), respectively. Lower greenness forest phen-
oclusters were scattered in Espinal, High Monte, and
Humid and Dry Chaco regions (Phenoclusters 18, 24,
41, and 49). We found forest phenoclusters with higher
seasonal intra-annual variability mainly in Yungas
region, whereas in contrast, seasonal intra-annual vari-
ability was low in Espinal and in some parts of Dry and
Humid Chaco regions.

The forest phenoclusters mainly differed in the timing
of the peak of the growing season (POS). The timing of
POS occurred mainly in January (45.11%), whereas
37.00% occurred in February, especially in Humid and
Dry Chaco region. Approximately 18.00% of the forests

F I GURE 2 Importance of variables for forest phenocluster classification. Mean decrease in Gini (%), in each forest region: BIO12, mean

annual precipitation (mm year�1); ESP, Espinal; EVI, enhanced vegetation index; HDC, Humid and Dry Chaco; HM, High Monte; LST, land

surface temperature (�C); MAF, Misiones Atlantic forests; PAT, Continental Patagonian forests; PFS, Parana flooded savanna; POS, peak of

the growing season; SAY, Southern Andean Yungas; TDF, Patagonian forests of Tierra del Fuego
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F I GURE 3 The 54 classes of forest phenoclusters across Argentina and some examples in five regions. ESP, Espinal; HDC, Humid and

Dry Chaco; HM, High Monte; MAF, Misiones Atlantic; PAT, Continental Patagonian forests; PFS, Parana flooded savanna; SAY, Southern

Andean Yungas; TDF, Patagonian forests of Tierra del Fuego
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F I GURE 4 Spatial distribution of mean values of phenology measures and climate data inside the forest phenoclusters: (a) EVI 90th

percentile, (b) EVI 10th percentile, (c) EVI amplitude, (d) month of the peak of the growing season, (e) mean annual precipitation

(mm year�1), (f) land surface temperature (�C). ESP, Espinal; EVI, enhanced vegetation index; HDC, Humid and Dry Chaco; HM, High

Monte; MAF, Misiones Atlantic; PAT, Continental Patagonian forests; PFS, Parana flooded savanna; SAY, Southern Andean Yungas; TDF,

Patagonian forests of Tierra del Fuego
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had their EVI peak in December (mainly in Misiones
Atlantic and Southern Andean Yungas regions), and in
0.09%, 0.02%, 0.01%, and 0.01% of the forests, peak of the
growing season occurred in November (most of Conti-
nental Patagonian forests), March (humid forests in Con-
tinental Patagonian), October (mixed forests growing in
peatlands in Patagonian forests of Tierra del Fuego), and
April (forest plantations in Espinal), respectively. The for-
est phenoclusters with high mean annual precipitation
(>1200 mm year�1) were in Misiones Atlantic forests and
some areas of Continental Patagonian forests. The High
Monte region presented the lowest mean annual precipi-
tation regime (<400 mm year�1). We found the highest
LST (>24�C) in Humid and Dry Chaco and the lowest
LST (<11�C) in Patagonian forests of Tierra del Fuego
and Continental Patagonian regions.

Based on the forest inventory data set, Argentina
has 457 different forest tree species. Among our forest
phenoclusters, clusters 51 (Humid and Dry Chaco),
44 (Humid and Dry Chaco), 30 (Misiones Atlantic for-
ests), and 32 (Southern Andean Yungas) had the
highest species richness (155, 109, 108, and 106 species,
respectively. Tree heights ranged from an average high
of 18.77 m in Phenocluster 1 (Continental Patagonian)
to an average low of 4.69 and 4.95 m in High Monte
and Humid and Dry Chaco, respectively (Appendix S1:
Table S4).

The characteristics of the forest
phenoclusters for each region

We identified different numbers and patterns of forest
phenoclusters within each region across Argentina
(Appendix S1: Table S1 and Appendix S1: Table S3). In
Patagonian forests of Tierra del Fuego, we found six
phenoclusters. The most representative clusters were
broadleaved forest dominated by Nothofagus antarctica
(Phenocluster 3) and broadleaved forest dominated by
Nothofagus pumilio (Phenocluster 4), occupying 35% and
25%, respectively, of Patagonian forests of Tierra del
Fuego. Mixed forests and peatlands (Phenocluster 2) had
highest overall greenness, whereas broadleaved forests
dominated by N. antarctica forests were the lowest green-
ness group. Mixed forests in high precipitation areas,
close to Beagle Channel (Phenocluster 1) and mountain
forests (Phenocluster 6) exhibited high seasonal intra-
annual variability. Peak of the growing season was
mainly in December and January, but mixed forests and
peatlands and upper tree line forests had POS dates in
October and April, respectively. Tree species richness
ranged from 1 to 3, and basal area ranged, on average,
from 16.63 to 50.81 m2 ha�1 and tree height from 9.92 to

18.77 m. The metrics EVI 10th percentile and mean
annual precipitation were the most important variables
in discriminating among phenoclusters in Patagonian
forests of Tierra del Fuego, reaching 25% and 19% of
importance, respectively.

In Continental Patagonian forests, our analysis
resulted in seven phenoclusters. Approximately 60% of the
area was occupied by ecotone forests (Phenoclusters
11, 12, and 13), 25% by lower valley forests (Phenoclusters
7 and 8), 15% by upper mountains mixed forests
(Phenocluster 9), and 1% by rainforests (Phenocluster 10).
The forests with highest productivity were in Phenocluster
9, reaching EVI 90th and 10th percentiles of 0.50 and 0.22,
respectively. Lowest EVI 10th percentiles were in forest
phenoclusters dominated by ecotone forests at higher ele-
vations, low elevations, and dry forests (Phenoclusters
11, 12, and 13, respectively), where mean annual precipita-
tion was lower than 900 mm year�1. Peak of the growing
season varied among phenoclusters, but mainly occurred
during November. Tree species richness ranged from 3 to
15 (Phenocluster 8) and basal area and height reached
45.84 m2 ha�1 and 17.45 m in average. The EVI 10th per-
centile and mean annual precipitation variables contrib-
uted most to separability among the forest phenoclusters
in Continental Patagonian forests, reaching 21% of
importance.

In Parana flooded savanna, we found three forest
phenoclusters, and the variables contributing most to
phenocluster separability were mean annual precipita-
tion and LST (27% and 24% of importance, respectively).
The area was characterized by riparian forests in different
topographic positions, and subject to regular flooding
events. Phenocluster 16, characterized by low forests on
riparian areas, contained forest with low greenness, with
EVI 90th percentile, EVI 10th percentile, and amplitudes
of 0.47, 0.19, and 0.41, respectively. Peak of the growing
season in Parana flooded savanna mostly occurred in
December. Maximum tree species richness was 17, and
basal area and tree height reached, on average,
9.48 m2 ha�1 and 9.84 m, respectively.

In Espinal forest region, we identified five forest
phenoclusters, and the most representative were charac-
terized by subtropical and temperate deciduous forests
(Phenocluster 21), Calden forests (Proposis caldenia;
Phenocluster 17), and riparian forest (Phenocluster 20),
occupying 34% and 27% and 25%, respectively, of the for-
est area of the Espinal region. Riparian forest is charac-
terized by higher tree, shrub, and herbaceous diversity
than the rest of Espinal forests. The main tree species are
Sebastiania brasiliensis, Myrcianthes cisplatensis, and
Sideroxylon obtusifolium, and it is used extensively for
livestock grazing (Muñoz et al., 2005). Greenness was
highest in Phenocluster 19, represented by cultivated
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forests, mainly Pinus and Eucalyptus. Greenness was low-
est in forest Phenocluster 18, composed primarily of
degraded Calden forest. The Calden forests were in areas
of low mean annual precipitation (<600 mm year�1) and
intermediate LST (around 20�C). Peak of the growing
season in these native forests was during November,
December, and January. Tree species richness ranged
from 7 (Phenocluster 18) to 63 (Phenocluster 20). In aver-
age, basal area ranged from 8.38 to 12.81 m2 ha�1 and
tree height ranged from 5.02 to 5.85 m. Land surface tem-
perature and EVI 90th percentile were the variables that
best separated the forest phenoclusters.

In High Monte region, we found four forest phen-
oclusters. High Monte was characterized by low mean
annual precipitation (<350 mm year�1), especially in areas
occupied by Phenocluster 24, which was characterized by
closed forests and some scattered trees in flat terrain, and
where EVI 90th percentile, EVI 10th percentile, and ampli-
tude were low (0.23, 0.08, and 0.43, respectively). The most
representative forest phenocluster was characterized by
riparian forests and closed forests in flat terrain (52% of the
forest in High Monte), followed by closed forests in flat ter-
rain and scattered trees (21%), low forests and closed
shrubs (15%), and scattered trees on slopes (13%). Peak of
the growing season mainly occurred in December, and
the variables contributing most to the cluster’s separa-
bility were mean annual precipitation and LST.
Phenocluster 23 (the only one in this region that con-
tained forest inventory plots) presented seven tree spe-
cies, basal area of 10.60 m2 ha�1 and height of 4.69 m.

In Misiones Atlantic we observed six forest phenoclusters.
In this subtropical region of northeastern Argentina, mean
annual precipitation was high (>1600 mm year�1) and LST
was intermediate (ranging from 20.9 to 22.5�C). Riparian and
degraded forest phenoclusters had the lowest greenness (EVI
90th percentile of 0.57 and EVI 10th percentile of 0.36),
whereas the highest greenness was found in Araucaria
angustifolia forests at higher elevation (Phenocluster 27),
which reached EVI 90th percentile and EVI 10th percentile of
0.64 and 0.43, respectively. In addition, Phenocluster 27 had
the highest mean annual precipitation (1846 mm year�1) and
lowest LST (20.8�C). Tree species richness is high, reaching
108 in Phenocluster 30. On average, basal area reached
18.95 m2 ha�1 (Phenocluster 26) and height of 14.69 m
(Phenocluster 28). The variables that most contributed to
phenocluster separability were precipitation and EVI 10th
percentile (23% and 20% of importance, respectively).

We grouped Southern Andean Yungas into six forest
phenoclusters. The variables that best separated clusters
were EVI 90th percentile, mean annual precipitation, and
EVI 10th percentile, with 21%, 20%, and 20% importance,
respectively. We found the highest greenness in Cluster
34, characterized by semideciduous montane

and piedmont forests (with EVI 90th percentile of 0.7 and
EVI 10th percentile of 0.38). Phenoclusters 36 and 37, char-
acterized by cloud forests, had lowest greenness. The cloud
forests in the transition with high altitude grasslands expe-
rienced the highest seasonal intra-annual variability
(amplitude of 0.8) and also the lowest mean annual precip-
itation (326 mm year�1) and LST (19.0�C) values. In
Southern Andean Yungas we found that the peak of the
growing season occurred during December and January.
Phenocluster 32 presented the highest tree species richness
(106), the highest average of basal area (21.22 m2 ha�1),
and the highest average of height (12.82 m).

In Humid and Dry Chaco region we found 17 forest
phenoclusters. Highest greenness was in forest Phen-
oclusters 51 and 52, both characterized by riparian dense
forests, EVI 90th percentile reaching to 0.51 and 0.52, and
EVI 10th percentile reaching to 0.34 and 0.29, respectively.
Forests with low greenness occurred in Phenoclusters
49 and 41, characterized by shrublands and scattered trees
(EVI percentile 90th of 0.31 and 0.33, and EVI percentile
10th of 0.18 and 0.13, respectively). Highest intra-annual
variability occurred in Chaco serrano forests (Phenocluster
38), with EVI amplitude of 0.68. The forest phenocluster
with lowest intra-annual variability was dominated by
dense palm trees, few pine plantations and thickets
(amplitude of 0.32, Phenocluster 54). Highest LST
(>25.0�C) occurred in open forest with varying amounts of
shrub and grass cover (Phenoclusters 46, 49), and phen-
oclusters with lowest LST (38 and 39; LST 22–23) were
dominated by Chaco serrano forests. Phenocluster 51 pres-
ented the highest tree species richness (155). On average,
basal area ranged from 5.95 to 15.65 m2 ha�1, and height
ranged, on average, from 4.95 to 7.42 m). The peak of the
growing season occurred during January and February.
LST and EVI 90th percentile were most important in dis-
criminating among the forest phenoclusters, reaching to
29% and 17% of importance, respectively.

Diversity of forest phenoclusters

We assessed where diversity of forest phenoclusters was
higher across Argentina and found that diversity of forest
phenoclusters ranged from 1 to 12 located within 1 km2

(Figure 5). Most 1-km windows had four forest phen-
oclusters (21.34% of Argentina), followed by three
(18.47%) and five (16.95%) phenoclusters (Appendix S1:
Figure S4). The highest diversity of phenoclusters were in
Patagonian Continental forests, Misiones Atlantic forests,
and Humid and Dry Chaco (four and five phenoclusters
were most common). The lowest-diversity area was in
Espinal, where 69.52% of the area had only two forest
phenoclusters within 1 km2 (Table 2).
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F I GURE 5 Diversity of forest phenoclusters across Argentina and some examples in five regions. ESP, Espinal; HDC, Humid and Dry

Chaco; HM, High Monte; MAF, Misiones Atlantic; PAT, Continental Patagonian forests; PFS, Parana flooded savanna; SAY, Southern

Andean Yungas; TDF, Patagonian forests of Tierra del Fuego
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DISCUSSION

We mapped and characterized Argentina’s forests based
on land surface phenology and climate characteristics,
defined here as forest phenoclusters. We based our analy-
sis on the seasonal dynamic of EVI associated with land
surface temperature and mean annual precipitation. We
generated 199 initial phenoclusters which we grouped
into 54 forest phenoclusters for which we provide
descriptions. The descriptions can be improved according
to different management and conservation strategies, and
according to stakeholder skills. The forest phenoclusters
that we identified reflect patterns of vegetation phenology
and climate, which potentially affect many ecosystem
functions and resources on which wildlife depend
(McKown et al., 2013). In addition, forest phenoclusters
were characterized by distinct tree species richness and
forest structural variables (basal area and height).
Argentina’s recent forest inventory design is national,
and thus it gives a first characterization of the phen-
oclusters; however, for some forest phenoclusters of
reduced extension more field data are required for more
accurate characterization. Phenoclusters are a new classi-
fication method that focuses on functional rather on
structural or compositional characteristics of forests, and
also considers climate factors that shape the geographical
distribution of species. Forest phenoclusters are useful
when there are no detailed field data based on species,
but not to identify forest/nonforest classification.

We also assessed where the diversity of forest phen-
oclusters was highest to identify areas that provide more
potential niches, because of high diversity of vegetation
phenology, temperature, and precipitation. Diversity in
vegetation phenology and climate is an important feature
of forests (Coogan et al., 2012; Veech & Crist, 2007), and
is likely associated with diversity in resources. Diverse
landscapes can provide resources that allow animals to
persist in the face of temporal variability in resource
availability by shifting their activities to those parts of the
forest where resources are more abundant (Fryxell
et al., 2005). When phenology is asynchronous in clusters
that are in close proximity, it lengthens the time period
during which, for example, plant foods are available or
most nutritious (Coogan et al., 2012; Ims, 1990). Thus,
some parts of Continental Patagonian forests, Misiones
Atlantic forests, and Humid and Dry Chaco regions,
where 4–5 different forest phenoclusters were within
close proximity (Table 2), may be particularly important
areas facilitating species persistence.

Remotely sensed measures and
climate data

From our group of remotely sensed measures and climate
data, we found that land surface phenology measures
outperformed climate data in providing separability
among the forest phenoclusters for all regions, except the

TAB L E 2 Diversity of forest phenoclusters in each region across Argentina (% of area)

Diversity of forest phenoclusters

Region

TDF PAT PFS ESP HM MAF SAY HDC

1 8.25 1.66 11.12 21.08 20.96 3.31 8.8 1.18

2 20.09 5.88 32.77 69.52 24.99 7.58 32.82 6.89

3 35.77 23.44 53.77 8.42 37.9 20.26 32.88 15.31

4 33.81 24.94 0.56 0.71 16.07 43.84 21.18 22.07

5 2.07 35.25 0.78 0.14 0.07 23.94 3.07 19.88

6 8.82 0.47 0.05 0.02 1.08 0.47 14.36

7 0.01 0.28 0.03 0.35 9.42

8 0.13 0.02 0.19 5.19

9 0.06 0.01 0.11 2.82

10 0.03 0.01 0.06 1.48

11 0.01 0.01 0.03 0.77

12 0.01 0.01 0.37

13 0.01 0.17

Note: The highest values are shown in bold.
Abbreviations: ESP, Espinal; HDC, Humid and Dry Chaco; HM, High Monte; MAF, Misiones Atlantic forest; PAT, continental Patagonian forests; PFS, Parana
flooded savanna; SAY, Southern Andean Yungas; TDF, Patagonian forests of Tierra del Fuego.
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Parana flooded savanna (Figure 2). Individually, EVI
10th percentile and mean annual precipitation (BIO12)
were most important in this regard.

Our remotely sensed measures of vegetation phenol-
ogy convey information about ecological function. The
EVI 90th percentile and EVI 10th percentile are measures
of vegetation greenness, and are proxies of maximum and
minimum productivity, respectively, as they capture the
highest and lowest points in productivity across the year.
Maximum productivity has applications in the available
energy hypothesis (e.g., more productivity is associated
with higher species richness; Currie et al., 2004;
Hurlbert, 2006), whereas minimum productivity is a
gauge of environmental stress (Mason et al., 2008;
Radeloff et al., 2019). EVI amplitude captures the range
of greenness variation (Gerard et al., 2020) and POS
quantifies the timing of maximum productivity. Mini-
mum productivity is correlated with global species rich-
ness of amphibians (r = 0.73), mammals (r = 0.62), and
resident birds (r = 0.83; Radeloff et al., 2019), highlight-
ing the importance of our vegetation greenness measure
EVI 10th percentile for conveying forest ecological infor-
mation. Our results suggest that the combination of land
surface phenology measures and climate data can be used
to distinguish forest phenoclusters over large areas
effectively.

Management and conservation
applications

Vegetation phenology and climate characteristics are
linked to ecological functions, food availability, and habi-
tat use for a wide range of species (Coops et al., 2012;
Nielsen et al., 2010). Our forest phenoclusters map can be
a valuable source of novel and ecologically relevant infor-
mation applicable to management and conservation of
biodiversity, for example, for stratifying biodiversity
assessments (Shang & Chisholm, 2014) and supporting
wildlife habitat mapping (Jansson & Angelstam, 1999).
Forest phenoclusters could be an input data set to benefit
species distribution modeling greatly over large areas
with low data availability (Rosas et al., 2021), such as for
tapirs (Tapirus terrestris) and jaguars (Panthera onca) that
occupy a number of ecoregions in Argentina (Bustos
et al., 2019; Paviolo et al., 2019).

In 2007, Argentina passed a National Law esta-
blishing a land-use plan to protect native forests and halt
biodiversity loss (National Forest Law No. 26331). Under
this law, three zones designate different types of land
uses (Honorable Congreso de la Naci�on, 2007; Seghezzo
et al., 2011): (1) Zone I (red) = high-conservation-value
forests, in which only tourism, scientific research and the

gathering of nontimber products are allowed; (2) Zone II
(yellow) = medium-conservation-value forests, where
productive activities such as grazing, silvopasture, and
sustainable harvesting of timber and nontimber products
are allowed; and (3) Zone III (green) = low-conserva-
tion-value forests, which can be converted to agricul-
ture, pasture, or timber plantations if an environmental
impact assessment is approved (Informe de estado de
implementaci�on, 2020). Making use of the economic
resources of native forests while simultaneously
preventing deforestation and safeguarding biodiversity
requires spatial data sets. The forest phenoclusters and
their diversity offer a novel and ecologically relevant
spatial data set to consider when updating zone bound-
aries, because the inclusion of different phenoclusters in
Zone I could diminish the risk of biodiversity loss. Thus,
the forest phenoclusters can help in reviewing the limits
of the categories.

Many of the conservation and management planning
in Argentina’s forests has been based on protecting single
species (e.g., N. pumilio) and species groups. However,
many species groups cover large areas (e.g., more than
2000 km2) and their growth exhibits diverse natural gra-
dients (Rosas, Peri, Bahamonde, et al., 2019). The main
strategy for biodiversity conservation has been designation
of national parks (e.g., a land-sparing strategy), based on
the hope that one or a few large protected areas can safe-
guard a representative set of ecosystem functions and biodi-
versity of the protected forest types (Martínez Pastur, Rosas,
et al., 2020; Martínez Pastur, Schlichter, et al., 2020). These
management and conservation planning strategies have
failed at the landscape level in Argentina, because protected
areas cannot protect all the biodiversity found in each forest
type (Lorenzo et al., 2018). Further, one-size-fits-all silvicul-
ture implemented in the productive areas has sometimes
failed because the response of different forest stands greatly
varied across natural gradients (e.g., failure of natural
regeneration, high browse pressure, and windthrow occur
patchily; Martínez Pastur et al., 2021). Consideration of for-
est phenoclusters explains some variations observed at land-
scape levels, for example, different biodiversity levels,
patterns of exotic species invasion (e.g., beavers), and
responses to silvicultural (e.g., shelterwood cuts) treatments
(Huertas Herrera et al., 2018, 2020; Martínez Pastur, Rosas,
et al., 2020; Martínez Pastur, Schlichter, et al., 2020).

Consideration of forest phenoclusters can improve
landscape planning, including development of new off-
reserves strategies (e.g., land-sharing strategy), based on
functional variables (Villalba et al., 2011). In piedmont
forests in Southern Andean Yungas, only 11% of the
potential habitat of bird species affiliated with mature
piedmont forest were protected, contributing to an aver-
age of 61% shortfall in reaching the land area
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representation target (Politi et al., 2021). However, the
potential distribution of bird species was modeled with
only bioclimatic data; incorporating phenoclusters data
could further focus conservation attention on less repre-
sented habitat (phenocluster) types. Additionally, using
our method, it is possible to estimate phenoclusters at a
variety of scales, which makes them useful for a variety
of modeling applications.

CONCLUSIONS

Our study represents an important step to improve broad-
scale forest mapping and landscape characterization, and
we provide an approach to go beyond simple forest–
nonforest classification in areas where the lack of detailed
field data precludes tree species–level classifications. We
clustered forests by vegetation phenology and climate
characteristics to provide maps of forest phenoclusters and
their diversity at scales relevant to management and con-
servation. Our forest phenoclusters approach offers a novel
method for classifying forests, contributing to a sustainable
management and conservation of forest landscapes.
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